
UNIVERSIDADE FEDERAL DE GOIÁS (UFG)

INSTITUTO DE INFORMÁTICA (INF)

PROGRAMA DE PÓS GRADUAÇÃO EM CIÊNCIA DA
COMPUTAÇÃO

DANIEL CAMPOS DA SILVA

Channel-Aware Inter-Slice Scheduling
for SLA Assurance: Theoretical and

Simulation-Based Approaches

GOIÂNIA
2025



UNIVERSIDADE FEDERAL DE GOIÁS
INSTITUTO DE INFORMÁTICA

TERMO DE CIÊNCIA E DE AUTORIZAÇÃO (TECA) PARA DISPONIBILIZAR
VERSÕES ELETRÔNICAS DE TESES

E DISSERTAÇÕES NA BIBLIOTECA DIGITAL DA UFG

Na qualidade de titular dos direitos de autor, autorizo a Universidade Federal de Goiás
(UFG) a disponibilizar, gratuitamente, por meio da Biblioteca Digital de Teses e Dissertações
(BDTD/UFG), regulamentada pela Resolução CEPEC nº 832/2007, sem ressarcimento dos direitos
autorais, de acordo com a Lei 9.610/98, o documento conforme permissões assinaladas abaixo, para fins
de leitura, impressão e/ou download, a título de divulgação da produção científica brasileira, a partir desta
data.

O conteúdo das Teses e Dissertações disponibilizado na BDTD/UFG é de responsabilidade
exclusiva do autor. Ao encaminhar o produto final, o autor(a) e o(a) orientador(a) firmam o compromisso
de que o trabalho não contém nenhuma violação de quaisquer direitos autorais ou outro direito de
terceiros.

1. Identificação do material bibliográfico
[ X ] Dissertação         [  ] Tese          [  ] Outro*:_____________

 

 
*No caso de mestrado/doutorado profissional, indique o formato do Trabalho de Conclusão de Curso, permitido no documento de área, correspondente ao programa
de pós-graduação, orientado pela legislação vigente da CAPES.
 
Exemplos: Estudo de caso ou Revisão sistemática ou outros formatos.

2. Nome completo do autor
Daniel Campos da Silva

3. Título do trabalho
Channel-Aware Inter-Slice Scheduling for SLA Assurance: Theoretical and Simulation-Based
Approaches
4. Informações de acesso ao documento (este campo deve ser preenchido pelo orientador)
Concorda com a liberação total do documento [ X  ] SIM           [     ] NÃO¹

[1] Neste caso o documento será embargado por até um ano a partir da data de defesa. Após esse período, a
possível disponibilização ocorrerá apenas mediante:
a) consulta ao(à) autor(a) e ao(à) orientador(a);
b) novo Termo de Ciência e de Autorização (TECA) assinado e inserido no arquivo da tese ou dissertação.
O documento não será disponibilizado durante o período de embargo.
Casos de embargo:
- Solicitação de registro de patente;
- Submissão de artigo em revista científica;
- Publicação como capítulo de livro;
- Publicação da dissertação/tese em livro.

Obs. Este termo deverá ser assinado no SEI pelo orientador e pelo autor.

Termo de Ciência e de Autorização (TECA) Daniel Campos da Silva (5470692)         SEI 23070.024274/2025-22 / pg. 1



Documento assinado eletronicamente por Kleber Vieira Cardoso, Professor do Magistério Superior ,
em 30/06/2025, às 17:56, conforme horário oficial de Brasília, com fundamento no § 3º do art. 4º do
Decreto nº 10.543, de 13 de novembro de 2020 .

Documento assinado eletronicamente por Daniel Campos Da Silva , Discente, em 01/07/2025, às 00:15,
conforme horário oficial de Brasília, com fundamento no § 3º do art. 4º do Decreto nº 10.543, de 13 de
novembro de 2020.

A autenticidade deste documento pode ser conferida no site
https://sei.ufg.br/sei/controlador_externo.php?acao=documento_conferir&id_orgao_acesso_externo=0,
informando o código verificador 5470692 e o código CRC 2C95E11D.

Referência: Processo nº 23070.024274/2025-22 SEI nº 5470692

Termo de Ciência e de Autorização (TECA) Daniel Campos da Silva (5470692)         SEI 23070.024274/2025-22 / pg. 2



DANIEL CAMPOS DA SILVA

Channel-Aware Inter-Slice Scheduling
for SLA Assurance: Theoretical and

Simulation-Based Approaches

Master’s thesis in Scandinavian format submitted to the
Programa de Pós-Graduação em Ciência da Computação
(PPGCC) of the Instituto de Informática (INF) of Univer-
sidade Federal de Goiás (UFG), in partial fulfillment of the
requirements for the degree of Master of Science in Com-
puter Science.
Area: Computer Science.

Mentor: Prof. Dr. Kleber Vieira Cardoso

GOIÂNIA
2025



Ficha de identificação da obra elaborada pelo autor, através do
Programa de Geração Automática do Sistema de Bibliotecas da UFG.

CDU 004

Silva, Daniel Campos da
      Channel-Aware Inter-Slice Scheduling for SLA Assurance:
Theoretical and Simulation-Based Approaches [manuscrito]  / Daniel
Campos da Silva. - 2025.
      lxxxi, 81 f.: il.

      Orientador: Prof. Dr. Kleber Vieira Cardoso.
      Dissertação (Mestrado) - Universidade Federal de Goiás, Instituto
de Informática (INF), Programa de Pós-Graduação em Ciência da
Computação, Goiânia, 2025.
     Bibliografia. Apêndice.
      Inclui algoritmos, lista de figuras, lista de tabelas.

      1. Service level agreement. 2. Network slicing. 3. Resource block.
4. Radio resource scheduling. 5. Energy efficiency. I. Cardoso, Kleber
Vieira, orient. II. Título.



UNIVERSIDADE FEDERAL DE GOIÁS

INSTITUTO DE INFORMÁTICA

ATA DE DEFESA DE DISSERTAÇÃO

Ata nº 17  da sessão de Defesa de Dissertação de Daniel Campos da Silva, que confere o título de
Mestre/Doutor em Ciência da Computação, na área de concentração em Ciência da Computação.

 

Aos vinte dias do mês de junho de dois mil e vinte e cinco, a partir das dez horas, via sistema de
webconferência, realizou-se a sessão pública de Defesa de Dissertação intitulada “Channel-Aware Inter-
Slice Scheduling for SLA Assurance: Theoretical and Simulation-Based Approaches” . Os trabalhos
foram instalados pelo Orientador, Professor Doutor Kleber Vieira Cardoso (INF/UFG) com a participação
dos demais membros da Banca Examinadora: Professor Doutor Flávio Geraldo Coelho Rocha (EMC/UFG),
membro titular externo; Professor Doutor Jacek Kibilda (Virginia Tech), membro titular externo. A
realização da banca ocorreu por meio de videoconferência. Durante a arguição os membros da banca não
fizeram sugestão de alteração do título do trabalho. A Banca Examinadora reuniu-se em sessão secreta a fim
de concluir o julgamento da Dissertação, tendo sido o candidato aprovado pelos seus membros. Proclamados
os resultados pelo Professor Doutor  Kleber Vieira Cardoso, Presidente da Banca Examinadora, foram
encerrados os trabalhos e, para constar, lavrou-se a presente ata que é assinada pelos Membros da Banca
Examinadora, aos vinte dias do mês de junho de dois mil e vinte e cinco.

TÍTULO SUGERIDO PELA BANCA

 

Documento assinado eletronicamente por Kleber Vieira Cardoso, Professora do Magistério
Superior, em 22/06/2025, às 21:11, conforme horário oficial de Brasília, com fundamento no § 3º do
art. 4º do Decreto nº 10.543, de 13 de novembro de 2020 .

Documento assinado eletronicamente por Daniel Campos Da Silva , Discente, em 22/06/2025, às 22:52,
conforme horário oficial de Brasília, com fundamento no § 3º do art. 4º do Decreto nº 10.543, de 13 de
novembro de 2020.

Documento assinado eletronicamente por Jacek Kibilda, Usuário Externo, em 23/06/2025, às 11:05,
conforme horário oficial de Brasília, com fundamento no § 3º do art. 4º do Decreto nº 10.543, de 13 de
novembro de 2020.

Documento assinado eletronicamente por Flavio Geraldo Coelho Rocha , Professor do Magistério
Superior, em 24/06/2025, às 15:13, conforme horário oficial de Brasília, com fundamento no § 3º do
art. 4º do Decreto nº 10.543, de 13 de novembro de 2020 .

A autenticidade deste documento pode ser conferida no site
https://sei.ufg.br/sei/controlador_externo.php?acao=documento_conferir&id_orgao_acesso_externo=0,
informando o código verificador 5452595 e o código CRC 5C4D09D1.

Ata de Defesa de Dissertação 15 (5452595)         SEI 23070.024274/2025-22 / pg. 1



Referência: Processo nº 23070.024274/2025-22 SEI nº 5452595

 

Ata de Defesa de Dissertação 15 (5452595)         SEI 23070.024274/2025-22 / pg. 2



All rights reserved. Reproduction of this work in whole or in part without prior
authorization from the university, the author, and the advisor is prohibited.

Daniel Campos da Silva

Graduated in Computer Science from Universidade Federal de Goiás (UFG).
Was a peer tutor on the courses of Fundamentals of Mathematics for Com-
puting (2018-2019) and Analysis and Design of Algorithms 2 (2020). Did
undergraduate research in Vectorial Optimization (2021) and Graph Theory
(2021-2022). Worked as a researcher on Rede Nacional de Ensino e Pesquisa
(RNP)’s projects CloudNEXT (2022) and OpenRAN@Brasil FASE 2 (2023-
2025). Was a teaching assistant in the course of Computer Networks (2024).
Has experience and develops research in the following themes: software-
defined networks, mobile and wireless networks, Open-RAN, radio resource
management, operational research, and simulators.



I dedicate this work to my family, friends, colleagues, and professors for all their

support and belief during the beginning of my journey to become a professor.



Special Thanks

First, I thank the Universidade Federal de Goiás (UFG), the Rede Nacional de
Ensino e Pesquisa (RNP), and the Coordenação de Aperfeiçoamento de Pessoal de Nível
Superior (CAPES) for providing the faculty support, material resources, and financial
assistance necessary for me to dedicate myself exclusively to my master’s research over
the past two years. Had I needed to work while pursuing my degree, the final result would
certainly not have achieved the same quality.

I would also like to thank my advisor, Professor Kleber Vieira Cardoso, who
taught me so much about the life of a researcher. He has been an inspiration and a role
model, showing me how to navigate an academic career. He consistently encouraged me to
tackle more complex tasks, publish in international journals and conferences, collaborate
with researchers abroad, and share our work with the global community. Thanks to his
connections, I had the opportunity to pursue a Ph.D. at Virginia Tech – an idea that had
never even crossed my mind before. Kleber exemplifies how to create opportunities for
those from challenging backgrounds, empowering them to channel their determination
into meaningful contributions to science and become exceptional researchers. That is the
kind of professor I aspire to be.

Though I always envisioned an academic career, there were moments of doubt
when difficulties arose, and I relied on my friends and labmates to persevere. I especially
thank Gabriel Almeida, William Teixeira, and João Paulo Esper for making our laboratory
feel like a second home, where we supported each other, shared our struggles, and chased
our goals – all over freshly ground coffee and warm pão de queijo straight from the oven.
I am also grateful to my long-time friend Thiago Monteles, who has been by my side
since the beginning of our bachelor’s degree seven years ago, joining me for parties and
movie nights to unwind our hard-working minds.

Lastly, I thank my family for the unwavering love they have given – and still
give – me throughout my life. Despite financial struggles, my parents, Sandra Campos
and Marcelo Brito, worked tirelessly – often juggling multiple jobs – to ensure I never
knew what hunger was like while growing up. They understood that education was the
key to opportunities they never had, and I am deeply grateful for their efforts in nurturing
my critical thinking and fostering the mindset of a scientist. I also thank my aunt Aracele



Campos, whom I see as a second mother, for helping my parents in taking care of me,
especially when I needed to move away from them to pursue a better education in another
city. Finally, I thank my little brother and best friend, Guilherme Campos, who shared his
childhood with me and remains a constant presence, whether to discuss life’s challenges,
show new songs on the guitar, play video games, or watch movies together. I love him
with all my heart and will always support him in achieving goals even greater than my
own.



Teaching is not transferring knowledge, but creating the possibilities for
its own production or construction.

Paulo Freire,
Brazilian patron of education, Brazil.



Resumo

da Silva, Daniel Campos. Channel-Aware Inter-Slice Scheduling for SLA As-
surance: Theoretical and Simulation-Based Approaches. GOIÂNIA, 2025.
80p. Dissertação de Mestrado. Programa de pós graduação em ciência da com-
putação, Instituto de Informática (INF), Universidade Federal de Goiás (UFG).

Conforme a diversidade de aplicações com requisitos de Qualidade de Serviço (QoS)
heterogêneos cresce em redes móveis, o fatiamento de rede emerge como uma tecnologia
essencial para garantir Acordos de Nível de Serviço (SLAs) através do isolamento
de recursos entre diferentes tipos de serviço agrupados em fatias independentes. Um
escalonamento eficiente de recursos de rádio entre fatia (RRS inter-fatias) é crucial nesse
contexto, pois controla diretamente a vazão atingível - e, consequentemente, a garantia
de SLAs - além de promover ganhos em eficiência energética em cenários de baixa
demanda, mediante a redução do uso de recursos e do consumo de energia em estações
base. Esta dissertação investiga características de RRS inter-fatias de alto desempenho,
incluindo: ciência de canal, predição de RRS intra-fatia, alocação orientada a desvio
de SLA, proporções dinâmicas dos recursos das fatias e justiça entre usuários de uma
mesma fatia. O problema de RRS é formulado matematicamente, viabilizando o projeto
de heurísticas aproximando soluções ótimas. Por meio de simulações, demonstramos que
os algoritmos propostos superam os escalonadores do estado da arte tanto na garantia de
SLAs, quanto em eficiência no uso de recursos.

Palavras–chave

Acordo de nível de serviço, fatiamento de rede, bloco de recurso, escalonamento
de recurso de rádio, eficiência energética, otimização.



Abstract

da Silva, Daniel Campos. Channel-Aware Inter-Slice Scheduling for SLA As-
surance: Theoretical and Simulation-Based Approaches. GOIÂNIA, 2025.
80p. MSc. Dissertation. Programa de pós graduação em ciência da computação,
Instituto de Informática (INF), Universidade Federal de Goiás (UFG).

As the diversity of applications with heterogeneous Quality of Service (QoS) require-
ments grows in mobile networks, network slicing emerges as a key technology to meet
Service Level Agreements (SLAs) by isolating resources among different types of ser-
vices grouped into independent slices. Efficient inter-slice radio resource scheduling
(RRS) is crucial in this context, directly governing the achievable throughput - and thus
SLA assurance - while also enabling energy efficiency gains in low-demand scenar-
ios through reduced resource usage and power consumption in the base station. This
thesis investigates high-performance inter-slice RRS characteristics, including channel-
awareness, intra-slice RRS prediction, SLA-drift-oriented allocation, dynamic slice re-
source proportions, and fairness among users within the same slice. We formulate the
RRS problem mathematically, facilitating the design of RRS heuristics approximating
optimal solutions. Through simulations, we demonstrate how our proposed algorithms
outperform state-of-the-art schedulers in both SLA assurance and resource efficiency.

Keywords

Service level agreement, network slicing, resource block, radio resource schedul-
ing, energy efficiency, optimization.
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CHAPTER 1
Introduction

1.1 Contextualization and theoretical basis

The introduction of 5G and 6G standards by the 3rd Generation Partnership
Project (3GPP) set a broader range of service diversity as one of the main aspects of
future mobile networks, expanding 5G’s use cases of Massive Machine-Type Communi-
cation (mMTC), Enhanced Mobile Broadband (eMBB), and Ultra Reliable Low-Latency
Communication (URLLC) to 6G’s new six cases: (i) immersive human-centric commu-
nications, (ii) sensing, localization, and imaging, (iii) full-capability industry 4.0 and be-
yond, (iv) smart city and life, (v) global coverage for mobile services, and (vi) connected
machine learning and networked artificial intelligence (AI) [Tong e Zhu 2021]. Conse-
quently, the radio access network (RAN) is expected to support heterogeneous demands
with different Service Level Agreements (SLAs) that describe how to achieve their Qual-
ity of Service (QoS) requirements. In this context, network slicing is a key 5G technology
that enables efficient RAN management among slices, which are logical networks with
isolated resources [5G Slicing Association 2020]. Such resources can range from ded-
icated vCPUs to instances of RAN functions, but allocated radio resources are the ones
most directly impacting QoS, since they directly define the data throughput of User Equip-
ments (UEs). In this context, it is crucial to develop Radio Resource Scheduling (RRS)
algorithms to allocate radio resources among slices intelligently. Figure 1.1 illustrates a
network slicing scenario for a single Base Station (BS) with a static RRS decision among
three slices, each with two associated UEs.

However, a static RRS may be insufficient to effectively respond to the dynamism
in demand and channel quality for the different slices. Therefore, we define RRS problems
not only in the domain of frequency, but also of time. To reduce complexity, both
domains are discretized into Physical Resource Blocks (PRBs), also called Resource
Blocks (RBs), which are allocated during 1 Transfer Time Interval (TTI) and span a fixed
bandwidth. The 3GPP specifications define a numerology µ∈ {0,1,2,3,4} as a parameter
to calculate the TTI length as 2−µ milliseconds and the PRB bandwidth as 12 ·2µ ·15 kHz
[Chen et al. 2023]. Moreover, PRBs can be grouped into Resource Block Groups (RBGs)
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Base station

Slice 3

Slice 1 UEs Slice 2 UEs Slice 3 UEs

UE 1 UE 2 UE 3 UE 4 UE 6UE 5

Slice 2Slice 1
37.5% resources25.0% resources37.5% resources

100% resources

Figure 1.1: Network slicing scenario with static RRS decision.

of size up to 4 RBs to accelerate scheduling by allocating multiple RBs at a time.
Since each slice has independence on how to distribute the received RBG, the

RRS is divided in the context of network slicing into two stages: inter-slice RRS and
intra-slice RRS. The former is executed once per TTI and defines which of the available
RBGs in the BS will be allocated to the slices, while the latter runs for each slice, in
parallel and isolated, distributing the slice’s RBGs to its associated UEs. The two-stage
RRS in the network slicing scenario is represented in Figure 1.2.
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Figure 1.2: Inter-slice and Intra-slice scheduling.

The intra-slice RRS algorithm may vary between slices, since the objective of the
scheduler (e.g., maximizing throughput, or maximizing fairness) is application-specific,
depending on what type of service the slice provides. The inter-slice scheduler, on the
other hand, has to deal with the slices’ heterogeneity and ensure different SLAs while
prioritizing distinct slices. Besides guaranteeing QoS, another task the RRS is crucial
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for is improving energy efficiency, since it can allocate fewer resources to reduce the
BS power consumption. Thus, we can define inter-slice RRS primary and secondary
objectives as maximizing SLA assurance and minimizing resource usage, respectively.

Another important aspect for RRS algorithms, aside from their objectives, is con-
sidering differences in channel quality depending on the RBG frequency for a UE, which
we call channel-awareness. Such differences occur in the real world due to the physical
phenomenon of frequency-selective fading, and the scheduler may perceive them by re-
ceiving Channel Quality Indicators (CQIs) for each RBG of each UE. Channel-awareness
is implemented in many intra-slice RRS algorithms, selecting RBGs for UEs with higher
CQIs to improve allocation efficiency. However, inter-slice schedulers allocate RBGs to
slices, not UEs, so their performance is limited by how the intra-slice schedulers will
distribute the allocated resources. Fortunately, the inter-slice scheduler can predict the
intra-slice scheduler algorithm, if the latter is greedy, to know which UE will receive each
allocated RBG, thus enabling channel-aware inter-slice RRS [Chen et al. 2023].

1.2 Research problem

The research problem considered in this thesis is that of designing channel-
aware solutions for inter-slice RRS that efficiently maximize SLA assurance while also
minimizing resource usage to enable improvements in energy efficiency.

1.3 Related work

The present thesis is based on two main works. First, [Nahum et al. 2024]
develops a Deep Reinforcement Learning (DRL) agent for inter-slice RRS trained to
minimize intent-drift, a metric that indicates SLA-non-assurance. In this thesis, we refer
to intent-drift as SLA-drift (SLAd) to broaden the term. Although SLA assurance can be a
binary objective, quantifying it with SLAd allows us to differentiate schedules in scenarios
where SLAs cannot be fully ensured. The paper also describes important metrics for SLA
requirements, such as long-term throughput and buffer latency. Nevertheless, we identify
some points of improvement in the work: (i) the agent design assumes inputs with a fixed
number of slices, so it needs to be retrained if new slices are created or removed, (ii) the
agent’s output is a ratio of RBGs for each slice, thus its allocation cannot be channel-
aware, and (iii) the evaluated scenario considers only Round-Robin as the intra-slice RRS
algorithm, which is not commonly used in industry implementation due to its simplicity.
All the previous points are addressed in our second main reference [Chen et al. 2023],
which develops a polynomial channel-aware inter-slice RRS algorithm for selecting
RBGs to maximize the overall BS throughput. Notwithstanding, the work considers a
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fixed ratio of RBGs for each slice and is unaware of SLA requirements, limiting the
scheduler’s adaptability in scenarios with highly dynamic demands. Moreover, since
the scheduler predicts intra-slice allocations to choose RRS decisions that maximize
throughput, it tends to select unfair allocations prioritizing UEs with better channel
quality, while UEs in worse conditions within the same slice have their SLAs not assured,
regardless of the intra-slice RRS algorithm being fairness-oriented.

[Chen et al. 2023], as well as [Balasingam, Kotaru e Bahl 2024] and
[Dai et al. 2024], compare their performance with a well-known scheduler
[Kokku et al. 2012] from the early 2010s. However, its assumptions are outdated and
lead to performance issues. For instance, it does not consider orthogonal frequency
division multiple access (OFDMA) and schedules all available RBGs to a single slice at
every TTI. A further limitation, that also applies to [Chen et al. 2023], is that resource
distribution follows a weighted round-robin approach, with slice weights based on histor-
ical throughput. Such weights might not reflect the number of resources needed to fulfill
different SLA requirements, since some may not directly relate to throughput.

Most of the inter-slice schedulers in the state-of-the-art explicitly allocate all
available resources or aim to maximize throughput, thus leading to a high use of band-
width. We cite two works that go in the opposite direction, improving energy effi-
ciency in scenarios where resources are plentiful. [Yang et al. 2024] formulates a Re-
inforcement Learning (RL) agent with a reward function that maximizes the weighted
sum of throughput minus delay minus resource usage. However, this approach requires
fine-tuning the weights to avoid allocation decisions where saving resources has a
higher reward than ensuring SLAs, which leads to user starvation. Additionally, static
weights may not adjust to the variation of demand in the scenario. On the other hand,
[Balasingam, Kotaru e Bahl 2024] provides a framework for inter-slice RRS that mini-
mizes allocated bandwidth as its main objective, subject to ensuring throughput and la-
tency SLA requirements, which are formulated exactly as the SLAd metric.

Motivated by recent developments in artificial intelligence/machine learn-
ing algorithms, the majority of recent works approaching inter-slice RRS develop
RL agents to define the proportion of radio resources each slice should receive.
[Sherif, Ahmed e Kotb 2025] proposes different DRL agents leveraging the Proximal Pol-
icy Optimization (PPO) and Transfer Learning (TF) algorithms and evaluates how dif-
ferent reward functions impact the carbon footprint of their training process. The au-
thors from [Nahum et al. 2024] improve the Soft Actor-Critic (SAC) RL solution, eval-
uated in scenarios where all slices use Round-Robin as intra-slice RRS algorithm, to
[Nahum et al. 2025], a PPO Multi-Agent RL (MARL) solution where an agent defines
the ratio of resources for each slice and another chooses each slice’s intra-slice RRS
algorithm, among Round-Robin, Proportional Fair, and Maximum Throughput. After
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[Boutiba et al. 2022] structured a solution integrated with the MAC layer to support multi-
slice association (i.e., one UE can be associated with more than one slice) and mixed nu-
merology (i.e., multiple numerologies in the same base station), the authors expand their
work in [Boutiba et al. 2023] by formulating a Mixed Integer Linear Problem (MILP) and
approximating the optimal solution with a Deep Q-Learning (DQN) RL algorithm. All of
the mentioned RL agents, however, have the same two downsides: (i) they need to be
trained with a large dataset or interactive environment, which can take hours to finish and
(ii) they need to be retrained for new scenarios with different slice configurations since
their state spaces have a fixed number and order of slices. Moreover, almost all of the de-
fined action spaces are a list of real numbers representing the ratio of resources reserved to
each slice, which cannot represent channel-aware allocations, since RBGs are not selected
individually.

There are also studies evaluating inter-slice RRS on Open-RAN environments,
where the scheduler usually runs as an xApp, which is a RAN-optimization microser-
vice application executed in the Near Real-Time RAN Intelligent Controller (Near-
RT RIC) platform. [Polese et al. 2022] evaluates three PPO DRL xApps, one of them
trained online, that maximize or minimize network metrics (e.g., buffer size, physical
transport blocks, or PRB ratio) for specific slices in the Colosseum wireless testbed
[Bonati et al. 2021]. [Dai et al. 2024] maximizes the transmitted bits minus the head of
buffer delay as a DDPG RL agent implemented in an xApp optimizing the srsRAN ra-
dio stack. [Cheng et al. 2024] modifies Open Air Interface’s radio stack to support slic-
ing and follow xApp-defined Radio Resource Management (RRM) policies, which spec-
ify the ratio of dedicated, prioritized, and shared resources in the BS for each slice.
[Navidan et al. 2024] also addresses the definition of RRM policies, which are gener-
ated by a DQN agent maximizing slice performance index metrics, similar to SLAd, and
evaluated on the Colosseum testbed. However, exploring inter-slice RRS solutions in the
Open-RAN architecture is out of the scope of this thesis.

1.4 Justificative, significance, and motivation

The growing variety of services supported by 3GPP networks demands more
efficient RRS algorithms that can consider the heterogeneity of applications with different
QoS requirements. Such aspects of RRS become possible in 5G and Beyond scenarios
thanks to technologies and concepts recently introduced in mobile networks to enable
intelligent RAN management and optimization, such as network slicing, Open-RAN, and
Artificial Intelligence (AI)-RAN. Leveraging those concepts, we propose and evaluate
dynamic solutions for the RRS problem that ensure QoS and, following recent discussions
on RAN energy efficiency, minimize power consumption by reducing resource allocation.
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In this thesis, we identify desirable characteristics for inter-slice RRS algorithms
and discuss metrics for their evaluation in scenarios with high service heterogeneity. We
compare our proposed solutions with state-of-the-art algorithms from the literature in
simulated scenarios and analyse their performance to show points of improvement. More-
over, all code implementing the simulation, optimization models, heuristics, baselines,
and graphic generation is made publicly available so that the scientific community can
replicate, study, and improve the obtained results.

The selection of the theme researched in this thesis was made by the present
master’s student to leverage: (i) his knowledge in optimization and heuristics, and (ii) his
mentor being the co-author of [Nahum et al. 2024], which had a good development of
inter-slice RRS concepts, but lacked the formulation of an optimization problem, giving
a clear room for improvement. Additionally, the RRS problem is well-known and has
classical solutions (e.g., Round-Robin and Proportional Fair), facilitating the definition of
the research problem, which could grow in complexity as new results are obtained (e.g.,
considering resource minimization and channel-awareness).

1.5 Objectives

The general objective of this thesis is to propose and evaluate solutions for the
channel-aware inter-slice RRS oriented to maximizing SLA assurance and minimizing
resource allocation. The specific objectives of this thesis include:

• Selecting relevant metrics for evaluating inter-slice RRS algorithms;
• Reproducing and comparing state-of-the-art inter-slice RRS algorithms from the

literature with our proposed solutions;
• Formulating the research problem as an optimization problem;
• Evaluating the proposed and literature solutions compared with optimal or approx-

imated solutions obtained from optimization models.

1.6 Methodology

The methodology followed during the thesis and each of its papers consists of
iteratively revisiting the steps described below, in the following order:

1. Reviewing the literature to outline key aspects of the RRS problem in the context
of network slicing;

2. Formulating the research problem as a mathematical optimization problem;
3. Designing and implementing optimization models to find optimal or approximate

solutions for the formulated problem;
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4. Designing and implementing heuristics to solve the formulated problem in a rea-
sonable time with performance similar to the optimal solution;

5. Studying and implementing inter-slice RRS schedulers from the literature as base-
lines for comparing with the proposed solution;

6. Building simulated environments to evaluate the heuristic, baselines, and optimal
scheduling decisions;

7. Generating graphs, figures, and metrics describing performances obtained in the
simulated environment;

8. Analyzing and discussing the obtained results;
9. Writing a paper presenting the work, obtained results, and insights.

1.7 Contribution

Below, we list the contributions and subproducts of this research, including our
main findings and publicly available code:

• A listing of key points for improving inter-slice RRS performance: (i) channel-
awareness, (ii) intra-slice RRS prediction, (iii) SLAd-oriented, (iv) resource mini-
mization, and (v) dynamic slice resource proportion;

• The implementation of a modular simulation for testing inter-slice and intra-slice
RRS algorithms;

• The problem formulation and implementation of an optimization model for solving
the stepwise inter-slice RRS in plentiful scenarios;

• The design and implementation of the Stepwise Optimal Algorithm (SOA), opti-
mally solving the problem above;

• An analysis of how SOA can assure SLAs in plentiful resources scenarios, even
with fewer resources, overperforming the DRL agent from [Nahum et al. 2024];

• The problem formulation and implementation of an optimization model for solving
the channel-aware inter-slice RRS oriented to minimizing SLAd and resource
allocation in both plentiful and scarce resource scenarios;

• The design and implementation of the Drift and Resource Allocation MINimization
(DREAMIN) scheduler, approximating the optimal solution for the problem above;

• An analysis of the SLAd metric and how inter-slice RRS algorithms based on it, as
DREAMIN, can improve SLA-assurance, energy efficiency, and intra-slice fairness,
compared to algorithms that maximize throughput, as [Chen et al. 2023].
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1.8 Thesis structure description

This thesis follows the Scandinavian model, containing an introduction, pro-
duced papers, and a conclusion. The documents proving that the two produced papers
were published or accepted are included in the appendix section at the end of the thesis.
We organize the next chapters as follows. Chapter 2 contains the first paper produced
in this research, entitled "Stepwise Optimal Inter-Slices Radio Resource Scheduling for
Service-Level Agreement Assurance". It provides a first look at the inter-slice RRS prob-
lem, considering only plentiful scenarios and evaluating the SOA algorithm. It was writ-
ten in English and published on the Simpósio Brasileiro de Redes de Computadores e
Sistemas Distribuídos, which occurred in May 2024, was organized by the Sociedade
Brasileira de Computação (SBC), and had an acceptance rate of 42%. Chapter 3 contains
the second paper produced in this research, entitled "DREAMIN: Channel-Aware Inter-
Slices Radio Resource Scheduling for Efficient SLA Assurance". It expands the problem
from Chapter 2 by formulating a channel-aware problem for multiple steps, considering
both plentiful and scarce scenarios, and solving it with DREAMIN. It was written in En-
glish and accepted for publication at the International Conference on Communications,
which occurred in June 2025, was organized by the Institute of Electrical and Electron-
ics Engineers (IEEE), and had an acceptance rate of 40% in its previous edition. Finally,
Chapter 4 concludes the thesis with some final considerations and discussions about the
findings, limitations, and recommended future work for continuing this research.



CHAPTER 2
Stepwise Optimal Inter-Slices Radio Resource
Scheduling for Service-Level Agreement
Assurance

2.1 Abstract

In 5G networks and beyond, radio access networks (RANs) must be able to sup-
port multiple services with different service level agreements (SLAs). Network slicing is
a critical concept in this context and it depends on an efficient approach for radio resource
scheduling (RRS). Inter-slices RRS is responsible for allocating resource block groups
(RBGs) to the slices to ensure their SLAs. Mainly motivated by the O-RAN initiative,
several works in the literature have presented proposals based on machine learning (ML)
to solve this problem. However, there is still a lack of problem formalization and an op-
timal strategy, which are both introduced in this work. Through simulations, we compare
our approach with a state-of-the-art deep reinforcement learning (DRL) agent. The results
show the excess resources employed by the agent when they are plentiful, suggesting an
unnecessary increase in energy consumption. Additionally, we show the relevant gap be-
tween solutions when the resources are scarce. Finally, we discuss guidelines on how to
improve ML-based approaches to the inter-slice RRS problem.

2.2 Introduction

While the adoption of Open RAN is still in the very beginning and surrounded
by discussions, the impact of the O-RAN Alliance and its standards is already huge
in the telecommunications ecosystem. ML-based approaches in the RAN are not new
since 3GPP Release 8 (from 2006) already had self-organizing networks (SON) related
exactly to this type of approach. The several advances in the ML field and the design
adopted for the O-RAN architecture [Polese et al. 2023] have kept most of the academic
interest strongly guided in this direction when investigating RAN-related issues. Two key
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components of the O-RAN architecture are the near real-time RAN intelligent controller
(Near-RT RIC) and the non-real-time RAN intelligent controller (Non-RT RIC). O-RAN
compatible solutions must be developed as xApps (running in the Near-RT RIC) and
rApps (running in the Non-RT RIC), which are generally ML-based applications. As a
consequence, commonly, the ML-based proposals found in the literature are compared
only against other ML-based counterparts. In the context of resource allocation, this may
raise a basic question: how far from the optimal are the solutions?

In the RAN, network slicing is critical and involves non-trivial resource alloca-
tion. Network slicing is the main enabler for supporting multiple services with different
SLAs over the same infrastructure. An SLA takes into account a set of requirements that
the network operator must ensure to provide the necessary quality of service (QoS) to
the users’ applications. To ensure the QoS, the network operator creates slices to serve
the services with SLAs that may be very different. For example, video streaming from a
smartphone requires a high throughput but tolerates packet loss and some latency, thus
it may belong to an enhanced mobile broadband (eMBB) slice. On the other hand, self-
driving vehicles need a very low packet loss and latency, best supported by ultra-reliable
low-latency communication (URLLC) slices. This means that each slice must receive a
specific amount of resources to satisfy the correspondent SLA and this resource alloca-
tion is highly dynamic in the RAN due to two main reasons. First, the number of user
equipment (UEs) associated with each base station (BS) changes as the users move, thus,
the consumption of resources also varies. Second, wireless channel conditions of each UE
also vary, not only due to user mobility but also due to other environmental characteris-
tics. This context is appealing to model-free approaches such as ML-based ones, but we
argue that this does not preclude the pursuit of problem formalization and optimal solu-
tions. Thus, we can build consistent performance references and find important insights
that can contribute to designing better approaches, including the ML-based ones as we
will discuss later.
Related work – There are several papers in the literature investigating issues related to
network slicing in the RAN. In the following, we do not try to be comprehensive, but cite
some critical works on the topic, mainly considering inter-slices allocation and including
some recent state-of-the-art papers. [Kokku et al. 2012] is a well-known solution for inter-
slice scheduling referenced by other inter-slice schedulers. Because it was developed in
the early 2010s, its assumptions are outdated. The main problem of its scheduling is not
considering orthogonal frequency division multiple access (OFDMA), thus scheduling
radio resources by allocating all RBGs to a single slice at every transmission time interval
(TTI). Another issue is that the resources are distributed in a weighted round-robin way,
where each slice weight is defined by its historical throughput. This weight may not
represent the needed resources to ensure each slice’s SLA, as its restrictions may not
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directly relate to throughput.
[Chen et al. 2023] shows that the spectral efficiency can differ between RBGs

for a single UE. It then develops a heuristic that maximizes the total throughput by
selecting the best pair of RBG and UE. The intra-slice scheduling must be greedy to
enable predicting its allocation to select the best RBGs for each slice. Nonetheless, this
solves only the problem of selecting the resources, but the number of RBGs for each
slice is determined similarly to [Kokku et al. 2012], using a pre-determined slice weight.
[Nahum et al. 2024] develops a DRL agent to solve the inter-slices scheduling among
eMBB, URLLC, and BE slices. We call this solution the DRL agent. It uses intents,
which are equivalent to SLAs from the scheduler’s perspective, to determine intent-drifts:
the normalized difference between a required metric and its required value. Therefore, the
agent’s objective is to minimize the intent-drift for all slices.

[Khodapanah et al. 2020] provides a framework for inter-slice RRS using artifi-
cial neural networks to maximize the number of fulfilled SLA requirements assuming the
allocation of fractional resources. In [Lotfi, Afghah e Ashdown 2023], an attention-based
DRL agent is presented for scheduling resource blocks (RBs), not RBGs, between eMBB,
URLLC, and massive machine-type communication (mMTC) slices. [Polese et al. 2022]
uses proximal policy optimization to train a DRL agent that executes as an xApp in O-
RAN architecture, scheduling resources to maximize or minimize metrics for each slice.
Additionally, [Mei et al. 2021] proposes a DRL framework combining a deep determin-
istic poly gradient and a deep-Q-network algorithm to address the inter-slices scheduling
problem. A common aspect of the related works is that every solution always allocates
100% of the BS RBGs, which may be inefficient in several scenarios. Allocating only the
minimal resources necessary to satisfy the SLAs brings benefits, such as the possibility to
serve more users or minimize energy consumption.
Our contributions and paper organization – In this work, we optimally solve the step-
wise optimal inter-slices RRS for SLA assurance problem, i.e., employing the minimum
number of RBGs to assure the SLA of every UE. In summary, our main contributions are:

• The formalization of the problem of stepwise inter-slices RRS for SLA assurance.
• The design of an algorithm that solves the problem in polynomial time.
• A comparison of our approach with a state-of-the-art DRL agent, using simulation,

which illustrates the room for improvement and provides insights on how to
improve ML-based approaches.

Section 2.3 presents the system model and the problem formulation. Section 2.4
describes how to solve the formulated problem with a polynomial algorithm. Section 2.5
evaluates our solution in comparison with the DRL agent and a weighted round-robin in
a simulated environment. Lastly, Section 2.6 contains our conclusions and future works.
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2.3 System model and problem formulation

In this section, we first introduce the system model employed to define the
problem, delineating parameters pertinent to our study. Subsequently, we present the
problem formulation, specifying the metrics associated with the SLA of each slice type
and outlining the objective of our formulation.

2.3.1 System model

We assume that each UE u possesses a buffer represented as an array Lu =

[Bu(0),Bu(1), . . . ,Bu(L−1)], where L is the maximum buffer latency, in TTIs. Each element
Bu(i) ∈ Lu indicates the number of packets awaiting transmission for i timesteps. For
example, if Lu = [1,3,5], it means that 1 packet has just arrived (waiting for 0 timesteps), 3
packets have been waiting for 1 timestep, and 5 packets have been waiting for 2 timesteps.
Furthermore, we denote the cumulative count of transmitted packets with an array Bsent

u =

[Bsent
u (0),Bsent

u (1), . . . ,Bsent
u (η−1)]. Each Bsent

u (i) represents how many packets waited for
i timesteps until being transmitted since the beginning of the environment. For instance, if
Bsent

u = [3,5,4], it indicates that, until now, 3 packets were immediately sent (no waiting),
5 packets waited for 1 timestep before transmission, and 4 packets waited for 2 timesteps
before being transmitted.

The BS bandwidth is discretized into RBs with 2µ · 180 kHz each, where µ ∈
[0,1,2,3,4] is the BS option, as in the 5G standards [ETSI 2020]. The TTI time length
is directly related to the RB bandwidth, expressed as I = 2−µ ms. Moreover, ρ RBs are
aggregated into one RBG with a total bandwidth of R = ρ ·2µ ·180 kHz [ETSI 2020]. This
way, we discretize the time in our model as timesteps lasting 1 TTI each. We define a
set T = {0,1, . . . ,η} comprising the timesteps, where η is the current one. Additionally,
we introduce a time window of W ∈ N+ timesteps for calculating historical metrics. As
W may be greater than the number of past steps, ω = min(W ,η+ 1) is used as the current
window. The stages of a timestep are as follows: (i) packets arrive in each UE’s buffer,
then (ii) the inter-slice schedulers allocate the available RBGs of the BS among the slices,
which (iii) distribute the received resources among the UEs to (iv) transmit packets from
the buffer to the BS.

2.3.2 Problem formulation

We address the stepwise optimal inter-slices RRS for SLA assurance problem
by defining the minimal number of RBGs necessary for ensuring the SLA requirements
of every UE in the actual timestep. We denote by S the set of slices in the environment,
while Us is the set of users assigned to the slice s ∈ S. In this way, we express αs ∈ N
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as the amount of RBG allocated to slice s ∈ S in timestep η. To calculate the predicted
metrics for the UEs, we define βu as the number of RBGs that will be allocated for u ∈ Us

if s ∈ S receives αs RBGs. In this work, we address three types of slices: best effort (BE),
eMBB, and URLLC. The BE slice has services with tolerant throughput requirements
[Khodapanah et al. 2020]. The SLA for BE is defined as minimum values for the fifth-
percentile throughput and long-term throughput. Moreover, the SLA for eMBB and
URLLC comprises a minimum value for the served throughput and maximum values
for the packet loss rate and the average buffer latency [Nahum et al. 2024]. To achieve a
generic formulation that may be expanded to include new slices and SLAs, we categorize
the set of slices into two subsets S = {Sbuf ∪S thr}. The first, Sbuf , comprises slices whose
SLAs relate to buffering, while S thr consists of slices with SLAs depending solely on
throughput metrics. In this work, we assume S thr = {BE} and Sbuf = {eMBB,URLLC}.
In the following, we describe the five SLA constraints and the objective function of our
problem, assuming that the network operator defines the required value for each constraint
based on the application type.
Maximum tolerated average buffer latency – This constraint prohibits the solution from
surpassing the average buffer latency threshold defined for each slice s ∈ Sbuf , denoted as
l req
s . We use ψu(i) as the predicted number of packets in Bu(i) that will be transmitted if u

receives βu RBGs. The constraint is defined as follows:

∑
L−1
i=0 (ψu(i) + Bsent

u (i)) · i
∑

L−1
i=0 (ψu(i) + Bsent

u (i))
· I ≤ l req

s , ∀u ∈ Us,s ∈ Sbuf . (2-1)

Packet loss rate – This constraint prevents the violation of the packet loss rate require-
ment for a slice s ∈ Sbuf , denoted by preq

s . We consider a scenario where packets can be
dropped due to two reasons: (i) the buffer reaches its maximum capacity at the moment
a packet arrives, and (ii) a packet achieves its maximum latency L. We denote Darr

u (t) as
the number of packets dropped at timestep t ∈ T due to maximum buffer capacity and
Dlat

u (t) as the number of packets dropped at timestep t ∈ T due to the maximum latency
constraint. As Dlat

u (η) can only be known after scheduling, we call ϕlat
u the number of

packets that will be dropped in this timestep if u receives βu RBGs. Similarly, we write
ϕarr

u as the packets that will be dropped upon arrival in the η+ 1 timestep, given βu. We
assume that λu packets will arrive at the UE u in the timestep η+1 when calculating ϕarr

u .
Considering Bstar t

u (t) as the number of packets in the buffer at the beginning of timestep
t ∈ η, before packet arrival, and Au(t) as the number of packets that arrived the buffer at
timestep t ∈ T , we define the packet loss rate constraint as:

∑
η
t=η−ω+1 Darr

u (t) + ∑
η
t=η−ω+1 Dlat

u (t) +ϕlat
u +ϕarr

u

Bstar t
u (η−ω+ 1) + ∑

η
t=η−ω+1 Au(t) +λu

≤ preq
u , ∀u ∈ Us,s ∈ Sbuf . (2-2)
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Served throughput – This constraint dictates that the required served throughput t req
s

must be upheld for u ∈ Us. We denote Eu as the spectral efficiency of the user u ∈ Us in
the current timestep. The constraint is defined as:

βu ·R ·Eu ≥ t req
s ∀u ∈ Us,s ∈ Sbuf . (2-3)

Long-term throughput – This constraint prevents the solution from violating the long-
term throughput requirement for all slices s ∈ S thr , denoted by greq

s . We represent the
historically served throughput of user u ∈ Us at timestep t ∈ T as Tu(t). The long-term
throughput is defined as the average throughput of the UE over the time window of the
lastω timesteps. Therefore, the long-term throughput constraint is defined as follows:

1
ω
·
(
βu ·R ·Eu +∑

η−1
t=η−ω+1 Tu(t)

)
≥ greq

s , ∀u ∈ Us,s ∈ S thr . (2-4)

Fifth-percentile throughput – This constraint assures the fifth-percentile throughput
requirement f req

s for s ∈ S thr . This constraint prevents the solution from letting the fifth-
percentile throughput of a user u ∈ Us be below f req

s . The fifth-percentile throughput is
calculated by obtaining the h-th element of the sorted list [Tu(η−ω+1), . . . ,Tu(η−1),βu ·
R ·Eu] of the throughput in the lastω timesteps, where h = ⌊ 5

100ω⌋. Considering W < 20,
we can simplify the metric to represent the constraint as:

min
(

Tu(η−ω+ 1), . . . ,Tu(η−1),βu ·R ·Eu

)
≥ f req

s , ∀u ∈ Us,s ∈ S thr . (2-5)

We aim to minimize radio resource usage while ensuring QoS for every user.
Thus, the stepwise optimal inter-slices RRS for SLA assurance problem is formalized as:

minimize∑s∈S αs

Subject to Equation(2−1) to (2−5)
. (2-6)

However, linearizing the formulated problem is a complex task, which includes
restricting βu to how the intra-slice scheduler would work and expressing ψu, ϕlat

u and
ϕarr

u as variables that depend on βu for each UE u. Fortunately, this problem can be
solved by a polynomial algorithm, as explained in Section 2.4. It is important to note that
our stepwise problem is not equivalent to solving the scheduling for all the timesteps all
at once, which is an NP-hard problem.
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2.4 Stepwise Optimal Algorithm

The problem in Equation 2-6 can be solved with a polynomial greedy algorithm.
We call our strategy the stepwise optimal algorithm (SOA), which considers a scenario
where it is possible to meet the QoS requirements for all UEs at each timestep. In the
following, we describe how SOA assures SLA and predicts intra-slice scheduling.

2.4.1 Minimum throughput necessary

The output of the scheduling must be an allocation of RBGs, which is directly
related to the UE’s throughput. Based on this fact, we convert every SLA requirement into
a Minimum Throughput Necessary (MTN) to respect the restriction of u ∈Us at the actual
timestep. This strategy enables SOA to be expanded to new scenarios by calculating the
MTN for new SLA restrictions, which may describe different slices.

The MTN to respect the served throughput constraint of Equation 2-3 is ex-
pressed as MTN t

s(u) = t req
s . The same simple expression happens to the fifth-percentile

throughput MTN, noted as MTN f
s(u). Because SOA respects all restrictions at every

timestep, then Tu(t) ≥ f req
s , ∀t ∈ T \ {η}. Thus, MTN f

s(u) = f req
s ensures the constraint

in Equation 2-5. We denote by MTNg
s (u) the MTN to assure the long-term throughput

requirement of Equation 2-4, obtained by isolating the served throughput of the actual
timestep:

MTNg
s (u) = greq

s ·ω−∑
η−1
t=η−ω+1 Tu(t). (2-7)

The average buffer latency MTN, denoted as MTN l
s(u), ensures the constraint

of Equation 2-1. We noted that respecting this constraint while minimizing resources, in
the long term, tends to a scenario where packets are sent at the last moment before l req

s .
Hence, we approximate MTN l

s(u) as the MTN to send the packets that will have waited
for more than l req

s in the next timestep:

MTN l
s(u) = Bu

(⌊
l req
s

I

⌋)
·Zs ·

1
I

, (2-8)

where Zs is the packet size for all packets from UEs associated with the slice s ∈ S. The
packet loss rate MTN MTNp

s (u) must ensure thatϕlat
u andϕarr

u are small enough to respect
the constraint of Equation 2-2. We approximate the number of packets that will arrive in
the next timestep as λu = Au(η). Considering that no resource is allocated to the UE u,
we calculate ϕlat

u = Bu(L− 1) and ϕarr
u =

⌈
1
Zs
·max(0, (Au(η) + ∑

Lu−1
i=0 Bu(i)) ·Zs−Bmax )

⌉
,

with Bmax as the buffer capacity in bits. Then, the number of packets that will drop
between this scheduling and the next is max(ϕlat

u ,ϕarr
u ), as ϕlat

u +ϕarr
u may count the

same packet twice. We express the denominator of Equation 2-2, the total of packets,
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as θ = Au(η) + Bstar t
u (η−ω + 1) + ∑

η
n=η−ω+1 Au(n). Thus, the MTN to send packets under

drop risk and respect preq
s is:

MTNp
s (u) =⌈

Zs ·max(0,
η

∑
n=η−ω+1

Darr
u (n) +

η−1

∑
n=η−ω+1

Dlat
u (n) + max(ϕlat

u ,ϕarr
u )−preq

s ·θ)

⌉
1
I

. (2-9)

Lastly, we express as MTNs(u) the MTN to ensure the SLA of a UE u ∈ Us in
the actual step. It is calculated as the maximal MTN among the restrictions of u:

MTNs(u) =

max(MTN t
s(u),MTN l

s(u),MTNp
s (u)), if s ∈ Sbuf

max(MTN f
s(u),MTNg

s (u)), if s ∈ Sthr
. (2-10)

2.4.2 RBG allocation

The SOA achieves MTNs(u) at every timestep by ensuring the allocation of at
least βmin

u =
⌈

MTNs(u)
Eu ·R

⌉
RBGs for each u ∈ Us, s ∈ S. Although the intra-slice scheduler

allocates RBGs for the UEs, we can predict its scheduling similarly to [Chen et al. 2023].
As in [Nahum et al. 2024], we consider that the intra-slice scheduler for each slice s ∈S is
a Round-Robin, which cycles through Us uniformly distributing the slices’ RBGs among
the users. The Round-Robin state is saved as an offset, the index of the next UE in the
cycle. Knowing the offset, we act as a Round-Robin, allocating 1 RBG at a time until
the number of RBGs for u ∈ Us is βu ≥ βmin

u . Hence, SOA allocates αs = ∑u∈Us βu for
each slice s ∈ S as the minimal number of RBGs needed to assure the SLA of every
u ∈ Us. The SOA allocation is described in Algorithm 2.1. The MTNs(u) function can be
implemented in time O(1) using cumulative variables for the summations. Considering
a scenario with limited resources, the loop at line 7 could stop the algorithm if the total
allocated RBGs reaches G, which is the number of available RBGs in the BS. Hence, as
every RBG is allocated only once, the time complexity of SOA is O(G).

2.5 Evaluation

In this section, we present the evaluation results of the proposed SOA. First,
we describe the simulation environment used to implement the wireless network and its
UEs. Then, we compare the SOA solutions with two state-of-the-art models: a weighted
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Algorithm 2.1: SOA allocation process.
Data: Set of slices S = {s1, . . . ,s|S|} and set of users for each slice Us1 , . . . ,U|S|
Result: Number of RBGs allocated for each slice s ∈ S: αs1 , . . . ,αs|S|

1 for s ∈ S do
2 offset← getIntraSliceRoundRobinOffset(s)
3 for u ∈ Us do
4 βu← 0

5 βmin
u ←

⌈
MTNs(u)

Eu ·R

⌉
6 end
7 while ∃u ∈ Us such that βu < β

min
u do

8 u←Us[offset] // Mimicking Round-Robin
9 offset← offset+ 1 ( mod |Us|) // intra-slice allocation

10 βu← βu + 1
11 end
12 αs← ∑u∈Us βu

13 end
14 return αs1 , . . . ,αs|S|

round-robin algorithm and the DRL agent proposed in [Nahum et al. 2024]. All evaluation
results are publicly available at GitHub1.

2.5.1 Simulation

To evaluate the SOA in different scenarios, we implemented a simulator that
leverages [Nahum et al. 2024] dataset of realistic spectral efficiency values generated with
the channel impulse responses for a wireless network simulated with QUAsi Deterministic
RadIo channel GenerAtor (QuaDRiGa)2 [Jaeckel et al. 2014]. The dataset contains 50
different trials of uplink communication that consider a massive Multiple Input Multiple
Output (MIMO) system, the dual-slope path loss statistical models of 3GPP 38.901
UMi [Mondal et al. 2015, Zhu et al. 2021], the interference from the six more interfering
nearby cells, shadow fading, and the MIMO spectral efficiency estimate equation from
[Jr e Lozano 2018]. Each trial collects the data of 10 UEs throughout 2000 timesteps
lasting 1 ms each. A timestep in our simulation has a time length of 1 TTI and is structured
as represented in Figure 2.1. The main parameters of the simulation are listed in Table 2.1.

We consider a base station with 100 MHz of bandwidth, resulting in 138 RBGs.
The packet arrival for a UE in each timestep is dictated by a Poisson distribution with

1https://github.com/LABORA-INF-UFG/paper-DGWCAMK-2024
2https://quadriga-channel-model.de/

https://github.com/LABORA-INF-UFG/paper-DGWCAMK-2024
https://quadriga-channel-model.de/
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Parameter W I L R Bmax G ρ µ

Value 10 timesteps 1 ms 100 TTIs 720 KHz 32 kbytes 138 RBGs 4 RBs 0

Table 2.1: Simulation parameters.

Step (1 TTI)

RBGs

UE 4

UE 3

UE 1
UE 2

Packet arrival Inter-slice scheduling Intra-slice scheduling Packet transmission

Slice 2

Slice 1

2 3 2 3

1 0 1 1

UE 1
Buffer

UE 2
Buffer

6 5 7 5
UE 3
Buffer

UE 4
Buffer 4 7 8 6

Slice 2

Slice 1

1 0 0 0

2 3 2 1

6 5 6 0

UE 1
Buffer

UE 2
Buffer

UE 3
Buffer

4 7 8 0
UE 4
Buffer

RBGs

Slice 1

Slice 2

Not
Allocated

Not
Allocated

Figure 2.1: Example of one timestep in a scenario with 10 RBGs and 2 slices (2 UEs in
each). One RBG is enough for a UE to send 2 packets during 1 TTI. Note that UE 1 will
drop a packet when advancing the step due to reaching the maximum buffer latency (3
TTIs).

mean µs, where s ∈ S is the assigned slice to the UE. Our evaluation scenario considers
three different slices: an eMBB slice, a URLLC slice, and a BE slice. The slices are
instantiated following the parameters of Table 2.2. Each slice has a round-robin algorithm
as its intra-slice scheduler, as in [Nahum et al. 2024].

Figure 2.2 illustrates the spectral efficiency of the trial used in our evaluation
scenario. Since SOA assures the SLAs of all UEs, the ones with the worst channel con-
ditions will be allocated more RBGs. To do this, the SOA must schedule more resources
to every UE in the slice, since we consider a round-robin intra-slice scheduler. Therefore,
the dynamic of SOA’s scheduling follows Figure 2.2(b) instead of Figure 2.2(a).

2.5.2 Baselines

To assess the quality of the SOA for the inter-slice scheduling problem, we com-
pare its performance to two baselines: a heuristic and a state-of-the-art DRL scheduler.
The first is the weighted round-robin (RR) scheduler, which distributes resources uni-
formly among slices based on their assigned weights. The second is the DRL agent intro-
duced by [Nahum et al. 2024], trained using the same Soft Actor-Critic algorithm of the
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Slice type eMBB URLLC BE

t req
ur l lc 10 Mbps t req

embb 1 Mbps f req
be 2 Mbps

Requirements l req
embb 20 ms l req

ur l lc 1 ms greq
be 5 Mbps

preq
embb 20% preq

ur l lc 0.001%

|Us| 3 3 4

Zs 1500 bytes 500 bytes 1500 bytes

µs 15 Mbps 1 Mbps 15 Mbps

Table 2.2: Slice parameters.
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Figure 2.2: Spectral efficiency in the evaluated scenario.

original work. Both baselines rely on weights that define the priority of each slice type,
such as eMBB, URLLC, and BE. In the RR algorithm, the weights indicate the priority
of slices in receiving RBGs and the proportion of the scheduling. In our scenario, the
proportion in RR scheduling is 30% for URLLC, 30% for eMBB and 40% for BE, as the
first two have 3 UEs and the latter has 4 UEs.

The weights used by the DRL agent, however, determine not the RBG allo-
cation itself, but the impact of respecting the SLA requirements. In the original work
[Nahum et al. 2024], for each SLA requirement, an intent-drift is calculated normaliz-
ing the distance to the required value if the requirement is not respected, otherwise, it
is zero. Each intent-drift is then multiplied by a normalized weight associated with the
SLA requirement. The authors consider the same five distinct SLA requirements we de-
scribed in Section 2.3. We denote their weights as {w t

s,w l
s,wp

s ,w f
s,wg

s }, corresponding to
the weights for served throughput, average buffer latency, packet loss rate, fifth-percentile
throughput, and long-term throughput requirements of a slice s, respectively. Therefore,
we use the same values from [Nahum et al. 2024]: w t

eMBB = 0.2, w l
eMBB = 0.05, wp

eMBB

= 0.05, w t
URLLC = 0.1, w l

URLLC = 0.25, wp
URLLC = 0.25, w f

BE = 0.05, and wg
BE = 0.05. The

agent’s reward function is then defined as the summation of the product between each
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intent-drift and the weight, a sum that must be minimized.
Besides the reward, the DRL agent is defined by two other components: (i)

the action space, which represents the possible schedulings for the agent, determined
in the original work as a number for each slice, and (ii) the observation space, which
describes the state of the environment and is used as input for the agent to select the action
that minimizes the intent-drift. In [Nahum et al. 2024], two observation space strategies
are defined: (i) the limited observation space, which includes the SLA requirement
values and 9 metrics for each slice, calculated as the average for its UEs, and (ii) the
full observation space, which includes also the 9 metrics for each UE. Between the
metrics are the spectral efficiency and the 5 metrics used in the intent-drift calculation.
However, as highlighted by [Nahum et al. 2024], both observation spaces demonstrate
similar performance. Consequently, we adopt the limited observation space to streamline
the training complexity. The training process for the DRL agent follows the approach
described by [Nahum et al. 2024], where we create a training dataset with 45 trials from
the spectral efficiency dataset and the agent undergoes training 10 times over the 2000
timesteps in each trial. This results in a total of 900,000 training steps. One trial, not
included in the training dataset, is reserved for evaluating the three schedulers.

It is important to notice that the DRL agent was originally evaluated in a different
scenario, where ensuring the SLA for every UE is not possible. We use a different number
of UEs per slice, higher spectral efficiencies, and lower buffer sizes, and we do not
consider changes in the traffic or requirements during the experiment. The number of
RBGs is also higher, since we divide the resources into RBs with a lower bandwidth
to follow the specifications of [ETSI 2020]. For instance, while [Nahum et al. 2024]
considers only 17 RBGs, we have 138, despite summing up the same 100 MHz bandwidth.
Hence, the comparisons we perform consider the scenario of our evaluation and differ
from the results in [Nahum et al. 2024].

2.5.3 Results

To evaluate SOA solutions, we consider two scenarios: a standard and a limited
scenario. In the standard scenario, the SOA allocates the minimum RBGs necessary,
while RR and DRL schedule all available RBGs in the BS at each timestep. This is
a consequence of how the two baselines are formulated to not consider minimizing
resource usage. While this strategy offers lower complexity for scenarios with lower
demands, it does not prioritize radio resource optimization, resulting in the usage of
more resources than is strictly necessary, complicating the comparison of SOA with the
baselines. Therefore, we consider a limited scenario where the number of available RBGs
in the BS dynamically changes to the minimum needed to assure the SLA of all UEs
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at each timestep, defined by the SOA resource usage. In this scenario, we emphasize the
significance of considering RBG minimization and how it can be difficult for the baselines
to ensure SLA requirements for each UE with fewer resources.
Standard scenario – In this scenario, we compare the RBG usage for all models. Figure
2.3 depicts the radio resource usage for the RR algorithm, the DRL agent, and SOA across
all timesteps. It is important to observe that, while the RR algorithm and the DRL agent
utilize all radio resources in every timestep (lines are overlapped at 100%), our SOA
dynamically adjusts the radio resource usage based on the current demand. Consequently,
we achieved an average reduction of 62% in radio resource usage over the 2000 timesteps,
while the worst-case demand, around 750 ms, has a peak of 91% allocated resources.
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Figure 2.3: Radio resource usage of the schedulers in the standard experiment.

Although both baselines utilize all available radio resources for each timestep,
it is important to note that neither method explicitly prevents the violation of slice
requirements. Despite the DRL agent incorporating an intent-drift in its formulation,
penalizing the agent when slice requirements are broken, this approach does not entirely
eliminate the possibility of such faults occurring. To quantify SLA violations, we count
the instances where UEs fail to meet the specified requirements for each slice at every
timestep. For instance, if the URLLC slice receives no resource allocation throughout
all 2000 timesteps, the served throughput requirement is violated for each of its 3 UEs,
resulting in a total of 3×2000 = 6000 instances.

As expected, the SOA respected all SLAs throughout the 2000 timesteps. The
same happened to the RR algorithm but with a less efficient resource utilization. Despite
also allocating 100% of the resources, the DRL agent performs worse than RR and ex-
hibits SLA violations during the experiment. It especially violates the served throughput
requirement for the URLLC slice a total of 210 times. This is due to the set of actions
chosen by the agent throughout the simulation: (i) equal distribution for all slices, chosen
in 1930 timesteps, and (ii) 50% for eMBB, 0% for URLLC, and 50% for BE, chosen in
70 timesteps and thus violating 70 × 3 = 210 times this SLA requirement.



2.5 Evaluation 40

We also analyze the radio resource allocation for each slice during the experi-
ment. Figure 2.4 illustrates the resource allocation for eMBB, URLLC, and BE slices,
comparing the RR algorithm, the DRL agent, and our SOA. As expected, the RR algo-
rithm exhibits a static radio resource allocation among all slices during all timesteps due to
its formulation. A similar behavior is observed in the DRL agent allocation. As it chooses
an equal distribution across 1930 timesteps, the overall allocated resources are mostly
constant. Its only fluctuations in allocation happen around 1000 ms and after 1400 ms,
when the channel conditions for eMBB and BE are worse, therefore they are prioritized.
This is the reason why URLLC gets no resources from the DRL agent in some timesteps.

0 250 500 750 1000 1250 1500 1750
Time (ms)

0

10

20

30

40

50

R
ad

io
 re

so
ur

ce
 u

sa
ge

 (%
)

SOA RR DRL

(a) eMBB

0 250 500 750 1000 1250 1500 1750
Time (ms)

0

10

20

30

40

50

R
ad

io
 re

so
ur

ce
 u

sa
ge

 (%
)

SOA RR DRL

(b) URLLC

0 250 500 750 1000 1250 1500 1750
Time (ms)

0

10

20

30

40

50

R
ad

io
 re

so
ur

ce
 u

sa
ge

 (%
)

SOA RR DRL

(c) BE

Figure 2.4: Allocated radio resources for each slice in the standard experiment.

Limited scenario – In this scenario, we use the SOA’s minimal resource allocation
represented in Figure 2.4 as the total number of RBGs available at every timestep to
the RR algorithm and the DRL agent. It is noteworthy that the DRL agent was trained to
use 100% resources, so it may not have learned how to solve scarce scenarios.

Figure 2.5 illustrates the radio resource allocation for each slice during this
experiment. Comparing the slices, we can see that both RR and DRL allocate more RBGs
to eMBB and BE than the SOA’s optimal solution most of the time, while the opposite
happens to URLLC. The DRL agent consistently distributes resources equally among the
slices for the majority of the experiment. This allocation strategy is similar to the RR
algorithm, where the allocation is determined as a constant fraction of the available RBGs
at each timestep. Additionally, we observe that the SOA strategy has a highly different
dynamic from the baselines. This occurs as the SOA decision is based on channel and
buffer conditions, thus leading to an adaptable solution responding to the current demand.

As expected, the RR algorithm and the DRL agent solutions in scarce scenarios
are worse, as shown by the SLA violations in Figure 2.6. We can see that as the DRL agent
allocation for eMBB is higher than RR’s, it has fewer SLA violations for the requirements
of this slice. The same does not happen to BE requirements, which are more respected
by the RR algorithm since the slice has a higher weight. We recall the BE intent-drifts
having the lowest weights in the DRL’s reward as a reason for not prioritizing it. Lastly,
although the URLLC allocation is similar between the baselines, the DRL agent performs
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Figure 2.5: Allocated radio resources for each slice in the limited experiment.
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Figure 2.6: SLA violations in the limited
experiment. SOA has no SLA violation.
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Figure 2.7: CDF of worst packet loss rate
for eMBB in the limited experiment.

worse. This happens due to the DRL agent scheduling zero resources to the slice in a few
timesteps.

As eMBB has larger packets and a higher demand than URLLC, if high through-
put is not achieved, it leads to high packet losses. Figure 2.7 illustrates the CDF for the
worst eMBB packet loss, calculated as the maximum packet loss for an eMBB UE in each
timestep. We note that the DRL agent maintains zero packet loss most of the time due to
over-provisioning, but violates the requirement when the channel quality is low.

Figure 2.8 depicts the worst served throughput for eMBB and URLLC. Again,
the DRL agent shows better performance than the RR algorithm regarding the eMBB
slice. However, we can see that URLLC has a throughput of 0 Mbps for the DRL
scheduling during a considerable portion of the simulation. This is explained by its set
of selected actions: (i) equal distribution for the three slices, (ii) 100% for eMBB, (iii)
half for eMBB and half for BE, and (iv) half for eMBB and half for URLLC. An option
where no resource is scheduled to URLLC and BE is selected in 11% and 4%, where
eMBB always receives at least 33% of the available RBGs.

The BE performance is represented by Figure 2.9. Since the fifth-percentile
throughput is calculated as the minimum throughput for our time window of 10 timesteps,
scheduling no RBGs to BE impacts the actual timestep and the next 9 ones. This explains
why the DRL agent has a value of 0 Mbps for the metric almost 10% of the time. The long-
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Figure 2.8: CDF of worst served throughput in the limited experiment.

term throughput does not achieve such low values as it is more tolerant to fluctuations in
allocation. This metric also exemplifies how SOA respects the SLA of each UE while
reducing resource usage, as it allocates exactly the required value at every timestep.
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Figure 2.9: CDF of worst metrics for BE in the limited experiment.

Guidelines for RL solutions – A critical aspect of RL methods is designing an efficient
reward function. Defining a constant weight for summing different intent-drift may be
a solution for prioritizing slices, but it also may lead to SLA violations. For example,
when the DRL agent allocates half resources for eMBB and half for BE, it chooses
to disrespect a requirement of weight w t

URLLC = 0.2 while assuring the requirements
of weight wg

BE + w t
eMBB = 0.25. Another crucial aspect of RL solutions is defining the

observation space. Using the average spectral efficiency for a slice may invisibilize the
heterogeneous channel conditions of UEs in a slice. A scenario with two UEs u1 and u2

where Eu1 = 0.5 and Eu2 = 5.5 bits/s/Hz will be equivalent to another where Eu1 = Eu2 = 3
bits/s/Hz, as both scenarios have the same average spectral efficiency. Lastly, much of the
resource usage can be reduced if the agent is designed not to allocate every RBG, as seen
in SOA’s allocation. An improvement can be made in the DRL agent by adding an action
value for the unused resources and then adding it as part of the reward function.
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2.6 Conclusions and future works

In this work, we presented the stepwise optimal inter-slice RRS for SLA assur-
ance problem. We proposed SOA, a polynomial algorithm that solves this problem by
ensuring the SLA requirements of each UE and minimizing resource allocation. Our so-
lution is used to evaluate a state-of-the-art DRL scheduler in a scenario where every SLA
can be ensured. We showed that the ML approach may fail in ensuring the SLA of every
UE even with a less efficient resource utilization. Moreover, the SOA achieves zero SLA
violations while reducing resource usage by an average of 62%. We expect that new ML
solutions could leverage our strategy as a baseline to improve their approaches. Lastly,
our future works include expanding the scenarios where SOA can be used to address
competition and prioritization when resources are scarce.
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CHAPTER 3
DREAMIN: Channel-Aware Inter-Slices Radio
Resource Scheduling for Efficient SLA
Assurance

3.1 Abstract

Network slicing addresses Quality of Service (QoS) needs through efficient inter-
slice Radio Resource Scheduling (RRS) to meet Service Level Agreements (SLAs) of
each slice. Given the independence of each slice’s scheduler and the discrepancy in
channel quality among users and resources in different frequencies, an effective inter-slice
RRS must predict intra-slice RRS and be channel-aware. In plentiful scenarios, where
all SLAs are assured, RRS can also improve energy efficiency by reducing allocated
resources, while in scarce scenarios, where disrespecting SLA is inevitable, we can
reduce the SLA drift (SLAd), a metric quantifying SLA non-compliance. In this context,
we formulate a constraint programming problem for channel-aware RRS oriented to
SLAd and resource usage minimization and propose the Drift and Resource Allocation
Minimization (DREAMIN) scheduler as a scalable approximation of the solution. Our
simulated results show DREAMIN outperforming the state-of-the-art RadioSaber (RS)
reducing the resource usage by 62% in the plentiful scenario and lowering by 62% the
SLAd in the scarce scenario. DREAMIN also has 14 times more occurrences of high
intra-slice fairness indices than RS in the scarce scenario, demonstrating how schedulers
oriented to minimizing SLAd tend to be fairer than others maximizing total capacity.

3.2 Introduction and Related Work

5G and Beyond brought an increasing diversity of services supported by the radio
access network (RAN). In this broad scenario, network slicing is critical to meet quality of
service (QoS) requirements by effectively scheduling resources among slices, i.e., isolated
logical networks on top of a shared RAN infrastructure serving user equipments (UEs)
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with similar applications. These resources could be CPU or memory for running RAN
functions, but the radio resources are the ones directly affecting UEs as they dictate the
achievable capacity. Radio resources are discretized into resource blocks (RBs) consisting
of a specific frequency range allocated to a UE during one transfer time interval (TTI)
and are grouped into resource block groups (RBGs) to reduce scheduling complexity.
Therefore, solving the inter-slice scheduling problem of allocating RBGs among slices
is key to achieving QoS in scenarios of high service diversity. Moreover, the problem
depends on the intra-slice scheduler since it distributes the RBGs received by the slice to
its assigned UEs.

Two aspects must be considered on the inter-slice scheduling to improve effi-
ciency [Chen et al. 2023]. First, the scheduling must be channel-aware, accounting for
varying channel qualities among RBGs to the same UE caused by frequency-selective
fading, so it not only defines the number of RBGs each slice receives but also selects
them. Second, the inter-slice scheduling must predict the intra-slice scheduling to appro-
priately select RBGs, knowing which UEs will receive them. Most works of the literature
map QoS to a service level agreement (SLA), which can be expressed as a list of network
metrics and their required values. Therefore, instead of always allocating all available re-
sources to maximize or minimize metrics, leading to overprovisioning, a scheduler can
satisfy SLAs and save the remaining RBGs, which may improve energy efficiency.
Related work – Table 3.1 compares this paper with recent works on solving radio
resource scheduling in network slicing scenarios. The approach in [Nahum et al. 2024]
leverages the translation of natural language network configuration descriptions, called
intents, into SLAs to define intent drift: the normalized difference between the SLA
metric and its desired value. In this work, we refer to intent drift as SLA drift (SLAd)
to broaden the term. Although SLA assurance can be a binary objective, quantifying it
with SLAd allows us to differentiate schedules in scenarios where SLAs cannot be fully
ensured. While [Nahum et al. 2024] develops a deep reinforcement learning (DRL) agent
to minimize SLAd using all available resources, our previous work [Campos et al. 2024]
introduces a linear algorithm to achieve zero SLAd and improve energy efficiency by
minimizing resource usage in plentiful scenarios.

The work in [Chen et al. 2023] explores the advantages of a channel-aware inter-
slice scheduler, which not only decides the number of RBGs allocated for each slice but
also selects the RBGs. This can only be done if the intra-slice scheduler is greedy, so its
allocation is predictable. The proposed solution is RadioSaber, a state-of-the-art algorithm
for maximizing capacity by selecting the RBG-slice allocation with the highest capacity
at each iteration until all RBGs are allocated. However, the RBGs quota for each slice
follows a static proportion defined as the slice weight in the base station (BS), not adapting
to the dynamic channel conditions.
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Table 3.1: Related work.

Works
Problem

formulation

Optimized

model

Dynamic slice

resource proportion

Slice

priorities

Channel-

aware1

Minimize

resources

SLAd-

oriented

Intra-slice

fairness

[Chen et al. 2023] # # #   # # #

[Nahum et al. 2024]  #   # #  #

[Campos et al. 2024]    # #  # #

[Rana et al. 2024]      # # #

[Li et al. 2024]     # G# G# #

[Boutiba et al. 2022] # #  # G# # # #

[Boutiba et al. 2023]    # G# # # #

[Dai et al. 2024]  #  # # # # #

[Cheng et al. 2024] # #  # # # # #

[Navidan et al. 2024]     # # # #

This work         

1Works considering differences in achievable capacity only between RBs of different numerologies are half-filled.
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A linear complexity knapsack algorithm approximates a chance-constrained op-
timization problem formulated in [Rana et al. 2024] to maximize the priorities of deliv-
ered packets by scheduling RBGs for each packet individually. A hierarchical frame-
work is proposed in [Li et al. 2024] to maximize the SLA satisfaction rate by a multi-
arm bandit algorithm selecting one from a set of scheduling actions generated with a
deep neural network. The works in [Boutiba et al. 2022] and [Boutiba et al. 2023] ap-
proach multi-slice mixed numerology scenarios where the same UE is assigned to mul-
tiple slices and the available RBGs in the BS have different numerologies. Open-RAN
compliant testbeds are used in the evaluations of [Dai et al. 2024], [Cheng et al. 2024],
and [Navidan et al. 2024], which implement inter-slice schedulers as xApps, microservice
applications optimizing the RAN that run on near real-time RAN intelligent controllers.
Our contributions – We solve the problem of channel-aware inter-slice scheduling
oriented to minimizing SLAd and resource allocation. Our main contributions are:

• An optimization model for scheduling RBGs between slices throughout multiple
TTIs by dynamically adapting to changes in channel conditions through time.

• DREAMIN: a greedy scalable approximation to the optimal solution selecting the
allocations that most reduce the overall SLAd.

• An evaluation of DREAMIN compared to the state-of-the-art RadioSaber scheduler
[Chen et al. 2023], allocating 62% less resources in plentiful scenarios and, in
scarce scenarios, 62% lower SLAd and more than 14 times the TTIs with high
intra-slice fairness index.

• An analysis of how channel-aware inter-slice schedulers impact intra-slice fairness
and how minimizing SLAd tends to higher fairness indexes.

Paper organization – Sections 3.3 and 3.4 present the system model and the problem
formulation. Section 3.5 explains how DREAMIN works and its complexity. We evaluate
DREAMIN compared to RadioSaber in multiple simulated scenarios and discuss their
results in Section 3.6. Finally, Section 3.7 contains our conclusions and future works.

3.3 System model

We model a downlink scenario where the UEs’ buffers at the BS receive packets
from the user plane function (UPF) and transmit them to the users. A TTI begins
with packets arriving at the buffers, followed by radio resource scheduling and packet
transmission based on the achieved capacity. We assume the only channel information
input into the schedulers is Channel Quality Indicators (CQIs), which can be mapped
to achievable capacity values (in bits/second). This abstracts UE mobility and leads to
channel-model-independent solutions.
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We define S = {s1,s2, . . .} as the set of instantiated slices and Us = {uj ,uj+1, . . .} as
the set of UEs assigned to a slice s ∈ S. The set U =

⋃
s∈S Us is used when referring to all

UEs in the BS. Note we consider each user as assigned to only one slice, thus
⋂

s∈S Us = ∅.
Our system model discretizes time as the sequence of TTIs T = {0, . . . , |T |−1}. The set
R = {r1, . . . , r|R|} contains all RBGs in the BS. The output of the problem we define in
Section 3.4 is the binary decision variable ρu

r ,t ∈ {0,1}, which indicates if RBG r ∈ R is
allocated to UE u ∈ U at TTI t ∈ T . We denote by Cu

r ,t the achievable capacity for RBG r

if allocated to UE u at TTI t , calculated based on the respective informed CQI. The total
capacity achieved by u at t is then defined as:

cu
t = ∑

r∈R
ρu

r ,t ·Cu
r ,t . (3-1)

Buffer modeling – We assume that each user u in each slice s has a buffer receiving
Au

t packets at the beginning of TTI t . Depending on the allocated capacity for u at t , we
calculate ku

t as the integer number of packets from u’s buffer delivered at TTI t . Two
types of packet dropping are also considered in the buffer model. First, df u

t counts how
many packets arrived at u’s buffer at TTI t but were instantly dropped for surpassing its
maximum capacity Zu (in packets). Second, dlut accounts for the packets dropped at TTI
t after achieving a maximum tolerated latency Lu (in TTIs) and not being transmitted.
Considering arrived, transmitted, and dropped packets, we define the total amount of
packets in u’s buffer at the beginning of TTI t , before any packet arrives, as:

bu
t =

0, if t = 0

bu
t−1 + Au

t−1− ku
t−1−df u

t−1−dlut−1, if t > 0
. (3-2)

The number of delivered packets in each TTI is limited by the allocated capacity
for the UE and how many packets are in their buffer. As we discretize time in TTIs,
we must consider that a packet can start being delivered in one TTI and finish in another.
Discarding this possibility would result in a high reduction in capacity, e.g.: if the capacity
allocated in every TTI can only transmit 0.9 packets, the ku

t calculation would floor it to
zero in all TTIs, so packets are never delivered. Therefore, we express partially delivered
packets by k̄u

t . To avoid counting packets no longer in the buffer, we set k̄u
t as zero if all

packets are delivered or if a packet is lost due to latency. Considering k̄u
−1 = 0, I as the TTI

length and Pu the packet size for UE u, we define ku
t and k̄u

t as:

ku
t = min

(⌊cu
t · I
Pu

+ k̄u
t−1

⌋
,bu

t + Au
t −df u

t

)
, (3-3)

k̄u
t =

0, if bu
t+1 = 0 or dlut > 0

cu
t ·I
Pu
− ku

t , otherwise
. (3-4)
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We express as pu
t ,l the number of packets waiting for l TTIs at the moment t , i.e.,

arrived at t− l , and will still be in the buffer at the end of t . Assuming the buffer always
delivers older packets first, we subtract how many packets arrived or were already in the
buffer at t− l by how many of those were delivered or dropped:

pu
t ,l = max

(
0,bu

t−l + Au
t−l −df u

t−l −
t

∑
t ′=t−l

ku
t ′ −

t−1

∑
t ′=t−l

dlut ′
)

, (3-5)

which uses a max function with a zero because the expression is negative when
newer packets, i.e., those that arrived after t− l , are also delivered. Since we drop packets
that were not delivered after waiting for Lu TTIs due to latency, we can define dlut = pu

t ,Lu
.

Lastly, the number of packets dropped due to buffer full can be defined similarly using a
max function:

df u
t = max(0,bu

t + Au
t −Zu). (3-6)

SLA metrics – We consider three metrics when defining SLAs. The first is the instanta-
neous capacity, denoted for a user u at TTI t as CAPu

t = cu
t . Second, the long-term capacity

(LTC), denoted by LTCu
t , is the average capacity in a window of TTIs. The window size

AWt adjusts the fixed window TW for each TTI t so TTIs before t = 0 are not considered.

LTCu
t =

∑
t
t ′=t−AWt +1 cu

t ′

AWt
, (3-7)

AWt =

t + 1, if t < TW

TW , if t ≥ TW
. (3-8)

Lastly, the latency LAT u
t is calculated at each TTI t for a user u associated with

slice s as the number of TTIs spent by the oldest remaining packet in the buffer. We define
βu

t ,l as a variable indicating pu
t ,l > 0 and express LAT u

t as:

LAT u
t = max

l∈0,...,Lu
(l ·βu

t ,l ). (3-9)

3.4 Problem formulation

This section defines the optimization model for the inter-slice radio resource
scheduling problem. As one resource block is allocated to at most one user in a TTI, we
restrict:

∑
u∈U

ρu
r ,t ≤ 1, ∀r ∈R, t ∈ T . (3-10)
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Intra-slice scheduling – We follow [Chen et al. 2023] in predicting the intra-slice
scheduling by adding restrictions to mimic an independent proportional fair (PF) sched-
uler for each slice. The PF is a score-based scheduler allocating each RBG to the UE
with the highest score, defined as the ratio between capacity and historical capacity to
maximize throughput while ensuring fairness. The historical capacity hu

t is an exponen-
tial weighted moving average calculated for the window TW assuming a given starting
historical capacity yu for the user u at the first TTI. Therefore, we define the PF score for
allocating the RBG r to the user u at TTI t as Cu

r ,t
hu

t
and restrict the selected allocation as the

one maximizing the score in the slice:

hu
t =

yu, if t = 0

(1− 1
TW )hu

t−1 + 1
TW cu

t−1, if t > 0
. (3-11)

∑
u′∈Us

Cu′
r ,t

hu′
t

·ρu′
t ,r ≥

Cu
r ,t

hu
t
· ∑

u′∈Us

ρu′
t ,r , ∀s ∈ S ,u ∈ Us, r ∈R, t ∈ T . (3-12)

Note that ∑u′∈Us ρ
u′
t ,r ∈ {0,1} indicates if the RBG r is assigned to the slice s

since each RBG is allocated to at most one UE. Hence, the constraint becomes 0 ≥ 0

when r is not allocated to the slice s.
SLAd – We represent the SLA for each slice s as a required value Qm

s for each metric
m ∈Ms ⊆ {CAP, LTC, LAT}, representing the capacity, LTC, and latency requirements,
respectively. For each slice s, TTI t , UE u ∈ Us, and metric m ∈Ms, we calculate the
SLAd f m,u

t ,s as zero if the requirement is achieved, otherwise, it is a number between zero
and one proportional to how distant the metric is from the required:

f CAP,u
t ,s =


QCAP

s −CAPu
t

QCAP
s

, if CAPu
t < QCAP

s

0, if CAPu
t ≥ QCAP

s

, (3-13)

f LTC,u
t ,s =


QLTC

s −LTCu
t

QLTC
s

, if LTCu
t < QLTC

s

0, if LTCu
t ≥ QLTC

s

, (3-14)

f LAT ,u
t ,s =


LAT u

t −QLAT
s

Lu−QLAT
s

, if LAT u
t > QLAT

s

0, if LAT u
t ≤ QLAT

s

. (3-15)

The SLAd is aggregated assuming normalized weights: W m
s represents the

importance of the metric m for slice s, while Ws can be seen as the price of slice s.
We consider every UE within the same slice as equally important. Therefore, for each
TTI t , we define f u

t ,s as the UE SLAd for u ∈ Us, ft ,s as the slice SLAd for s ∈ S , and ft as
the total SLAd in the BS:
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f u
t ,s = ∑

m∈Ms

f m,u
t ,s ·W m

s , (3-16)

ft ,s =
1
|Us| ∑

u∈Us

f u
t ,s, (3-17)

ft = ∑
s∈S

ft ,s ·Ws. (3-18)

Objective function – The primary objective of the scheduler is maximizing QoS by
minimizing SLAd, while the secondary objective is minimizing resource usage if, and
only if, it achieves zero SLAd. To distinguish a scarce scenario, where SLAd is inevitable,
from a plentiful scenario, where we can minimize resource allocation, we define a binary
indicator variable at for each TTI t .

at =

0, if ft = 0

1, if ft > 0
. (3-19)

We formulate the problem of channel-aware inter-slice radio resource scheduling
for jointly minimizing SLAd and resource usage as:

minimize
ρu

r ,t
∑
t∈T

(
at (1 + ft ) + (1−at )

1
|R| ∑

u∈U
∑

r∈R
ρu

r ,t

)
(3-20)

subjected to Equations (3-10) and (3-12).

Note how (1 + ft ) is always higher than the normalized resource allocation, thus
there is no TTI where the solution neglects SLAs to reduce resource allocation.

3.5 Proposed solution

In order to approximate the optimal solution in a scalable manner, we introduce
the Drift and REsource Allocation MINimization (DREAMIN) scheduler. DREAMIN
behaves as RadioSaber [Chen et al. 2023]: at each TTI, iterates through all possible
allocations, predicting the intra-slice scheduling, to select the one that most reduces
the overall SLAd, until there are no more available RBGs. The SLAd is minimized
by choosing the allocation with the highest UE SLAd reduction multiplied by the UE
and slice weights, and the resource usage is minimized by stopping the allocation once
all SLAs are satisfied, i.e., the overall BS SLAd is zero. As each allocation impacts a
single UE u and the BS SLAd is ft = ∑s∈S ∑u∈Us f u

t ,s ·Ws · 1
|Us| , we can solely evaluate the

reduction on the u’s SLAd f u
t ,s ·Ws · 1

|Us| .
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The Algorithm 3.1 describes our approach relying on two functions:
intra_sched(s, r ) returns the user u that will receive the RBG r if it is allocated to
the slice s and; slad_for_cap(u, c) calculates the SLAd at the current TTI for the user
u if it has a capacity c. Both can be executed in constant time if we assume that (i) the
intra-slice scheduler scores are already calculated, and (ii) the time window for the LTC

metric in Equation (3-7) and the maximum latency for the LAT metric in Equation (3-9)
are also constant. As the worst-case scenario happens when every RBG has to be allo-
cated, the number of evaluated allocations is upper-bounded by ∑

|R|
i=1 i · |S| = |S|·|R|·(|R|+1)

2 .
Therefore, DREAMIN’s time complexity is O(|R|2 · |S|). Since [Chen et al. 2023] has the
same complexity, we expect DREAMIN to run in real-time if implemented in an efficient
language with parallelization.
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Algorithm 3.1: DREAMIN allocation process.
Data:R, S , U , Cu

r ,t , t

Result: RBGs allocated for each slice s ∈ S
1 for s ∈ S , do
2 allocation[s]← ∅
3 end
4 for u ∈ U do
5 cap[u]← 0

6 slad[u]← slad_for_cap(u, 0)

7 end
8 available_rbgs← R

9 while |available_rbgs| > 0 do
10 if ∑u∈U slad[u] = 0 then
11 return allocation
12 end
13 best_reduction← 0

14 for r ∈ available_rbgs do
15 for s ∈ S do
16 u← intra_sched(s, r )
17 reduction← slad[u] - slad_for_cap(u, cap[u] + Cu

r ,t )
18 if best_reduction < reduction / |Us| * Ws then
19 best_reduction← reduction / |Us| * Ws

20 u∗← u

21 r∗← r

22 s∗← s

23 end
24 end
25 end
26 cap[u∗]← cap[u∗] + Cu∗

r∗,t

27 slad[u∗]← slad_for_cap(u∗, cap[u∗])
28 available_rbgs← available_rbgs \ {r∗}
29 allocation[s∗]← allocation[s∗]

⋃
{r∗}

30 end
31 return allocation
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3.6 Evaluation

We compare DREAMIN’s performance in a trace-driven simulation with the ap-
proximated (APPR) solution, the state-of-the-art channel-aware RadioSaber (RS) sched-
uler [Chen et al. 2023], and a Weighted Round-Robin (WRR). All code is available on
GitHub2. At each TTI, packets arrive from the UPF into the UEs’ buffers following a
Poisson distribution with a mean equal to their demanded throughput (in bits/second).
The schedulers distribute RBGs among the slices, which are allocated to the UEs by PF
schedulers. Finally, the packets in each UE’s buffer are transmitted using the allocated
RBGs.

The capacity per RBG for each UE throughout the TTIs is based on the CQI
traces dataset from [Chen et al. 2023], which extends 20MHz LTE traces from LTScope
[Xie, Yi e Jamieson 2020] to 100 MHz 5G traces. There are CQI values for 158 UEs
collected throughout 475 TTIs for 512 RBs, reported with the granularity of 4 RBs.
Numerology 0 is used, hence the TTI length is 1 ms, and an RB spans 180 KHz with
a subcarrier interval of 15 KHz. Each CQI is mapped to a reachable capacity following
the spectral efficiency and code rate values from the 3GPP’s CQI table3.

We follow 3GPP’s standardized 5G Quality Indicator (5QI) to QoS definitions4

to specify the SLA of three slices in our scenario, one for each 5QI resource type: Guar-
anteed Bit Rate (GBR), Non-GBR, and Delay-Critical GBR (DC-GBR). Since GBR and
DC-GBR require guaranteed bitrates, their SLA capacity requirement is instantaneous.
On the other hand, the Non-GBR has a more tolerant requirement of LTC. The values
for capacity and LTC requirements are defined as the slice demands, while the latency re-
quirement is the Packet Delay Budget (PDB) for the radio interface4. Since 3GPP assumes
DC-GBR packets surpassing the PDB as dropped, we do not define a latency requirement
as every packet in the buffer would respect it. We use 256 Kbits as the buffer size for every
UE in the BS and TW = 10 TTIs as the time window to calculate the LTC and the histor-
ical capacity used by the intra-slice schedulers. Table 3.2 summarizes the configurations
of each slice.

We evaluate four scenarios: small-scale plentiful, small-scale scarce, large-scale
plentiful, and large-scale scarce. In plentiful scenarios, zero SLAd can be achieved during
most of the TTIs by respecting every SLA requirement, so DREAMIN’s goal is to
reduce resource allocation. In scarce scenarios, SLAd is inevitable for almost all TTIs,
thus DREAMIN’s focus is to reduce SLAd per TTI. Due to the limitations of optimally
solving the scheduling problem, we define simplified small-scale scenarios with fewer

2github.com/LABORA-INF-UFG/paper-DGMK-2024
3Table 5.2.2.1-2, 3GPP TS 38.214 v18.4.0 (2024-09-23)
4Table 5.7.4-1, 3GPP TS 23.501 v19.1.0 (2024-09-24)

github.com/LABORA-INF-UFG/paper-DGMK-2024
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users, TTIs, and RBGs, to effectively approximate the optimal solution. To maintain total
bandwidth when limiting the number of RBGs, we increase the RBG size, i.e. the number
of RBs in one RBG, in the same proportion. In the small-scale scenario, we compare how
close the schedulers are to the APPR solution, while the large-scale scenario evaluates
how DREAMIN can improve performance in a more realistic setting. For each scenario,
we run 20 simulations with different sets of randomly selected users and ensemble the
results of all their TTIs to plot graphs.

Table 3.2: Slice configurations.
Slice GBR Non-GBR DC-GBR
5QI 2 80 86

Service
Conversational Augmented V2X

video reality messages
Demand/UE 12 Mbps5 50 Mbps6 10 Mbps7

Packet size Pu 256 bytes 1024 bytes 128 bytes
Max. latency Lu 200 ms 100 ms 3 ms

Weight Ws 0.333 0.333 0.333
QCAP

s (W CAP
s ) 12 Mbps (0.5) - 10 Mbps (1.0)

QLTC
s (W LTC

s ) - 50 Mbps (0.5) -
QLAT

s (W LAT
s ) 130 ms (0.5) 8 ms (0.5) -

3.6.1 Small-scale scenarios

The problem from Section 3.4 is implemented using the Docplex Python library
to solve it using the IBM CPLEX Constraint Programming Optimizer. All evaluations
are done on a machine with an Intel i7-1255U (12 cores, 4.7 GHz), 40 GB of RAM,
and Ubuntu 20.04. We limit the number of TTIs to 10 and set the RBG size as 32 RBs,
totaling 16 available RBGs at the BS. To maintain the scale, both plentiful and scarce
scenarios have three UEs, one per slice, but differ in SLA requirements. The requirements
in Table 3.2 are enough for the plentiful scenario, whereas the scarce one is achieved
by multiplying the capacity and LTC requirements by three and dividing the latency
requirements by three. However, confirming the optimality of the solver’s solution can
take days even at this scale, thus we limit the solver time to one hour and evaluate the
best-found solution.

5Full-HD bitrate at Section 5.1, 3GPP TR 26.925 v18.1.0 (2024-01-05)
6Interactive streaming applications downlink demand at Figure 3, https://www.

ericsson.com/en/reports-and-papers/ericsson-technology-review/articles/
future-network-requirements-for-xr-apps

7Coop. collision avoid., Table 5.3-1, 3GPP TS 22.186 v18.0.1 (2024-04-05)

https://www.ericsson.com/en/reports-and-papers/ericsson-technology-review/articles/future-network-requirements-for-xr-apps
https://www.ericsson.com/en/reports-and-papers/ericsson-technology-review/articles/future-network-requirements-for-xr-apps
https://www.ericsson.com/en/reports-and-papers/ericsson-technology-review/articles/future-network-requirements-for-xr-apps
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Figure 3.1: Boxplots for the small-scale plentiful scenario evaluation.

Figure 3.1 depicts the small-scale plentiful scenario results, where the APPR and
DREAMIN schedulers achieve zero SLAd for all TTIs while allocating, respectively, an
average of 50% and 52% resources, as shown in Figure 3.1(a). The same does not occur
for RS and WRR, which disrespect SLAs at some TTIs despite always allocating 100%
resources, as in Figure 3.1(b). This is due to RS and WRR following a non-channel-
aware static proportion of resources for each slice, preventing slices from getting more
resources when in worse channel conditions. For example, the most demanding slice,
Non-GBR, receives 33% resources at every TTI from RS and WRR, while the APPR and
DREAMIN allocate a similar value on average, but dynamically adapted.

Figure 3.2 shows the CDF for SLAd along all TTIs of the small-scale scarce
scenario, where all schedulers allocate 100% resources. Note how there are two shapes
of curves depending on whether the scheduler follows a static or dynamic resource
proportion: DREAMIN approximates APPR’s SLAd, while RS’s higher values resemble
WRR’s. It is important to note that, due to its maximum capacity objective, RS achieves
a higher total capacity than any other scheduler. Nevertheless, this does not benefit the
SLAd metric since overprovisioning users have the same zero SLAd value as allocating
only enough resources to fulfill all SLA requirements.

3.6.2 Large-scale scenarios

In the large-scale evaluation, we set the number of TTIs as 475 and the RBG
size as 4 RBs, totaling 128 RBGs. Since there is no need to maintain scale, the scenarios
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Figure 3.2: CDF for the small-scale scarce scenario SLAd.

differ in the number of users while having the same SLA requirements from Table 3.2.
The plentiful scenario includes one UE per slice, while the scarce scenario includes three.

Figure 3.3 displays the evaluation of the large-scale plentiful scenario. The
higher number of RBGs in this scenario enables DREAMIN to perform more effective
fine-grained allocations, approximating the capacity values for each UE to the minimum
capacity required to achieve zero SLAd. Consequently, DREAMIN’s average resource
allocation in the plentiful scenario drops from 52% in the small-scale scenario to 38%
in the large-scale scenario, as depicted in Figure 3.3(a). However, the extended number
of TTIs makes room for outliers: moments when multiple users simultaneously have
poor channel conditions, thus, zero SLAd cannot be achieved even allocating 100%
resources. The same outliers are also present in DREAMIN’s SLAd on Figure 3.3(b),
but the distribution is still lower than the other schedulers, reducing RS’s average SLAd
by 78%.

Figure 3.4 shows the SLAd in the large-scale scarce scenario, where
DREAMIN’s average SLAd is 62% lower than RS while allocating the same 100%
resources. Despite allocating the same number of RBGs for each slice and selecting
RBGs with higher capacity, RS SLAd underperforms WRR. This occurs because RS
predicts the intra-slice scheduler allocations while behaving like a maximum throughput
scheduler, which results in RBGs that could have been allocated to users with poor chan-
nel conditions in one slice being assigned to another to increase total capacity. Therefore,
in scenarios with significant channel disparity between UEs within the same slice, RS
manipulates the intra-slice scheduler to over-provide UEs in better conditions while
neglecting those in worse conditions, leading to high SLAd values. This behavior did not
appear in the previous scenarios because there was only one UE per slice, so no discrep-
ancy existed between users within the same slice. Figure 3.5 displays the Complementary
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Figure 3.3: Boxplots for the large-scale plentiful scenario evaluation.
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Figure 3.4: Large-scale scarce scenario SLAd CDF.

CDF (CCDF) for intra-slice fairness, calculated for each TTI as the weighted average of
each slice’s Raj Jain’s fairness index for capacity between UEs. During 72% of the TTIs,
the intra-slice fairness values for DREAMIN surpass 0.9, while the same happens in only
5% of RS’s TTIs. The SLAd metric aligns with fairness indexes since all UEs within a
slice have equal weight in the slice SLAd calculation. Therefore, it is expected that an
SLAd-minimizing scheduler like DREAMIN achieves high fairness values, while unfair
schedulers tend to have high SLAd values in scarce scenarios.

3.7 Conclusion and future work

In this work, we formulated the problem of channel-aware inter-slice ra-
dio resource scheduling for minimizing SLAd and resource usage, and we presented
DREAMIN: a scalable polynomial-time heuristic. In our evaluation, DREAMIN approx-
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Figure 3.5: Large-scale scarce scenario fairness CCDF.

imates the optimal solution and outperforms the state-of-the-art RadioSaber scheduler by
reducing SLAd and resource allocation to improve QoS and energy efficiency. We also
showed how the SLAd metric aligns with fairness, as our SLAd-minimization scheduler’s
intra-slice fairness index is much higher than RadioSaber’s, which has SLAd values even
higher than a weighted round-robin due to unfairness in allocated capacity among UEs
of the same slice. Lastly, future work includes adding channel prediction techniques to
DREAMIN, so extra resources can be allocated to leverage the current channel quality
before it drops, and expanding our formulation to consider transmission error, thus the
packet error rate metric can be included as an SLA requirement.
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CHAPTER 4
Conclusion

This thesis researched the problem of channel-aware inter-slice Radio Resource
Scheduling (RRS) oriented to maximizing Service Level Agreement (SLA) assurance
and minimizing resource allocation. Two papers were written based on our investigation
into this problem. The first one assumed some simplifications to achieve an initial
comprehension of the scheduling dynamics, while the second one expanded the scope
to consider all characteristics of the proposed problem. Both papers formulated the
research problem as optimization models, proposed fast algorithms to solve them in a
reasonable time, and evaluated their performance in resource usage and SLA assurance
compared with state-of-the-art works in the literature and the optimal/approximated
solutions. As a subproduct of this thesis, the code developed for the experiments of
both papers is publicly available for reproducibility, study, and improvement in https:

//github.com/LABORA-INF-UFG/paper-DGWCAMK-2024 and https://github.com/

LABORA-INF-UFG/paper-DGMK-2024. Moreover, they implement a modular simulation
to facilitate integrating and evaluating other inter-slice RRS algorithms from the literature,
such as the DRL agent from [Nahum et al. 2024] and RadioSaber [Chen et al. 2023],
which are already present in the published repositories. We also note that the present
master’s student contributed to other works in the area of wireless networks during his
research, resulting in the co-authorship of the Open Radio Access Network (Open-RAN)
xApp development tutorial paper [Santos et al. 2025].

We initiated our studies by comprehending a simplified problem in our first
paper. First, we limited the formulation to be stepwise, so we solved each Transfer
Time Interval (TTI) independently. Second, we removed channel-awareness, ignoring
differences in channel quality between Resource Block Groups (RBGs) for the same User
Equipment (UE). Third, we only evaluated scenarios where radio resources were plentiful,
so we could assume all SLAs are ensurable and focus only on minimizing allocated RBGs.
This also removed the need to prioritize slices, since they will always receive enough
resources to fulfill their requirements. The three simplifications we considered made it
possible to formulate a linear programming problem whose optimal solution could be
achieved by calculating the Minimum Throughput Necessary (MCN) for each UE, which

https://github.com/LABORA-INF-UFG/paper-DGWCAMK-2024
https://github.com/LABORA-INF-UFG/paper-DGWCAMK-2024
https://github.com/LABORA-INF-UFG/paper-DGMK-2024
https://github.com/LABORA-INF-UFG/paper-DGMK-2024
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has O(1) complexity, and then, for each slice, allocating one RBG at a time until all its
UEs’ MCNs are achieved. We called this method the Stepwise Optimal Algorithm (SOA).
Our simulated results showed how SOA could ensure SLAs at all TTI and save an average
of 62% resources on the evaluated scenario. On the other hand, the Deep Reinforcement
Learning (DRL) agent, built and trained as specified in [Nahum et al. 2024] on the same
scenario, violated SLAs at some TTIs despite always allocating 100% of the RBGs.

In our second paper, we removed the simplifications from the first one, and con-
structed a more realistic scenario with (i) slices and SLAs defined based on 3rd Genera-
tion Partnership Project (3GPP) specifications, (ii) UE capacity values based on a dataset
of Channel Quality Indicator (CQI) traces per RBG [Chen et al. 2023] to enable channel-
aware evaluations, and (iii) the widely used Proportional Fair (PF) algorithm as intra-slice
scheduler, replacing the simplistic Round-Robin. Since the new problem formulation ap-
proached multiple TTIs in a single problem, the buffer needed to be modeled to calculate
latency metrics. Furthermore, adding channel-awareness turned the integer decision vari-
ables that represented the number of RBGs for each UE into binary variables spanning
three dimensions, UEs, TTIs, and RBGs, representing whether or not an RBG is allocated
to the UE in the TTI. The new variables were constrained to be distributed among the
UEs of the same slice following the PF scheduler, so inter-slice RRS predicts the intra-
slice RRS as in [Chen et al. 2023]. Also, to support scarce scenarios, we leveraged the
intent-drift from [Nahum et al. 2024] to define the SLA-drift (SLAd) metric as a method
of quantifying SLA non-assurance. Thus, the scheduling goal is to minimize the overall
SLAd in the base station, calculated as a weighted average assuming the network opera-
tor provides weights for slices and their SLA requirements. Lastly, formulating a general
problem for both plentiful and scarce resources scenarios implied in two hierarchical ob-
jectives: primarily minimizing SLAd and, if all SLAs are assured, minimizing resource
allocation. The new additions to the formulation turned it into a non-linear problem, which
is solved with a constraint programming optimizer. Despite evaluating the optimization
model only on small scenarios, due to its high complexity and low scalability, the obtained
solution is not optimal, but the best one found within 1 hour of search. Such limitations
justify using a heuristic to approximate the optimal solution in a reasonable time. Hence,
we proposed the Drift and REsource Allocation MINimization (DREAMIN) scheduler,
which makes one allocation at a time, always choosing the one that most reduces SLA-
drift. As baseline for DREAMIN, we evaluate RadioSaber [Chen et al. 2023], an also
channel-aware heuristic, but that works as a maximum throughput algorithm, choosing
the allocation with higher capacity to fulfill each slice’s static quota of RBGs given by
its weight. In all evaluated scenarios, DREAMIN closely matched the approximated-
optimal solution and outperformed RadioSaber both on resource usage and SLAd and
outperformed RadioSaber. While RadioSaber always uses 100% resources, DREAMIN
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used an average of 38% in the evaluated plentiful scenario. Nevertheless, in the scarce
scenario, DREAMIN’s SLAd was 62% lower than RadioSaber’s despite both allocating
100% resources. The discrepancy between the two is explained by RadioSaber’s fixed
quota of RBGs per slice and unfair allocation. The latter is a result of its objective being
to maximize capacity, resulting in UEs in poor channel conditions having their SLAs not
assured. As the SLAd of a slice considers all UEs as equal, SLAd-oriented solutions like
DREAMIN tend to fairer allocations within the same slice and thus higher SLA assurance.

As findings of both papers, we list some important characteristics for inter-slice
RRS algorithms:

• Channel-awareness - Due to frequency-selective fading, RBGs in different fre-
quencies have also different channel qualities for the same UE. Therefore, it is not
only important to decide the quantity, but also which RBGs are allocated.

• Predicting intra-slice RRS - Enables the inter-slice RRS to take UE-level deci-
sions, such as channel-aware allocations, improving the performance.

• Dynamic slice resource proportion - Since the Radio Access Network (RAN) de-
mands may significantly fluctuate due to the heteronegeneity of slices’ applications
and their traffic patterns, the proportion of allocated resources should follow simi-
lar dynamics. Having a fixed quota or number of RBGs to be allocated at all TTIs
would instead lead to one slice wasting resources while other starves.

• SLAd minimization - Inter-slice RRS algorithms guided by SLAd metric tend to
higher intra-slice fairness and SLA assurance indexes when resources are scarce
(i.e., the network demand can not be fully served). Moreover, the SLAd metric
avoids overprovisioning by treating all allocations achieving or surpassing the SLA
requirements as equal, which also reduces resource allocation.

• Resource minimization - When resources are plentiful (i.e., when the network
demand is relatively low), RBGs can be spared to reduce power consumption in the
base station, increasing energy efficiency and reducing carbon footprint.

In conclusion, we suggest improvements for future work approaching inter-slice
RRS algorithms. First, intelligent solutions running in the base station, like DREAMIN,
can improve the performance of xApps that define Radio Resource Management (RRM)
policies on the Open-RAN architecture. Such integration should result in a framework
uniting fast channel-aware scheduling with predictive data-driven solutions. Second, new
optimization strategies (e.g., stochastic and multi-stage formulations) may improve the
problem scalability, enabling comparisons with solutions certified as optimal. Third, the
problem can be expanded to tackle more advanced 3GPP scenarios, considering MIMO
channels, UEs associated with multiple slices, and base stations with mixed numerologies,
for instance. Lastly, designing intra-slice RRS algorithms tailored to work together with
SLAd-oriented inter-slice RRS could also improve the overall SLAd in a joint solution.
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Weak aspects: Comments to the author: what are the weak aspects of the paper?
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Novelty and originality: Rate the novelty and originality of the ideas or results presented in the paper.
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Quality of presentation: Rate the paper organization, the clearness of text and figures, the completeness
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Well written. (4)
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Strong aspects: Comments to the author: what are the strong aspects of the paper
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