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Abstract— Fully autonomous, zero-touch systems emphasizing
on energy efficiency, high reliability, and ultra-low latency will
be possible with the introduction of 6G networks. But with
more devices and services, energy usage is expected to rise,
necessitating sustainable solutions. A Decision Engine (DE) based
on Hierarchical Reinforcement Learning (HRL) is presented in
this research to improve the deployment of Service Function
Chains (SFCs) based on Cloud-Native Functions (CNF) in dy-
namic contexts. The goal of the framework is to lower energy
consumption while improving scalability and flexibility in the
cloud, far-edge, and edge domains. By simulating actual 6G
situations, we demonstrate that the HRL-based DE improves
resource allocation, reduces latency by 80%, and considerably
reduces energy usage by 60% compared to the flat RL. By
assisting in self-optimizing network management, our method
presents a viable route to intelligent, sustainable 6G networks.

Index Terms—Zero Touch Management, Energy efficiency, Hi-
erarchical Reinforcement Learning, Decision Engine, 6G network

I. INTRODUCTION

The emergence of 6G indicates a significant shift towards
fully autonomous, zero-touch networks designed to meet the
needs of future applications beyond the service classes like
Massive Machine-Type Communication (mMTC), Enhanced
Mobile Broadband (eMBB), and Ultra Reliable Low Latency
Communication (URLLC). At the same time, network energy
consumption is anticipated to rise sharply due to the quick
expansion of connected devices and intelligent services. For
this reason, 6G has to employ green, energy-conscious designs
that align with the UN’s Sustainable Development Goals [1]
to address these issues by fusing technological automation
with sustainability. Intent-Based Networking (IBN) and Rein-
forcement Learning (RL) make intelligent, self-managed, and
ecologically sensitive network operations possible [2].

Given the complexity of diverse settings with dynamic
traffic and resource limits, one of the main challenges in 6G
is the efficient deployment of Cloud-Native Function (CNF)-
based Service Function Chains (SFCs) [3]. Conventional op-
timization techniques are unable to adjust to changes in real-
time, resulting in inefficient use of resources and increased
energy usage. Hierarchical Reinforcement Learning (HRL)
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delivers a promising technique that enables the adoption of
placement strategies that are both scalable and adaptable
by decomposing complex decisions into smaller, easier-to-
manage tasks. However, other issues also need to be resolved
to integrate HRL into 6G-native orchestration frameworks,
especially when it comes to making energy-efficient choices
without sacrificing performance.

In this regard, we propose a Decision Engine (DE) based
on HRL that is intended to maximize the positioning and scal-
ability of CNFs in 6G networks. By adding energy awareness
as a primary optimization objective, our framework expands
the capabilities of the DE and aims to minimize energy
consumption and computing resource utilization while guar-
anteeing effective service orchestration across heterogeneous
domains (edge, far-edge, and cloud). Real-time, completely
automated network management with no decision overhead is
made possible by the DE’s ability to learn multi-level rules that
adjust to changing service needs thanks to HRL. The suggested
approach, which combines Al-driven decision-making with
green networking concepts, is assessed using simulations that
mimic actual 6G settings. This strategy offers a viable route
towards intelligent, sustainable 6G infrastructures by balancing
performance and energy efficiency.

The main contributions of this paper are as follows:

o The creation and use of a DE based on HRL that is
specifically suited for energy-efficient orchestration of 6G
networks.

o The incorporation of an energy model to facilitate envi-
ronmentally friendly decision-making.

o A thorough simulation setting that assesses the DE under
actual network topologies, workloads, and energy limi-
tations. Furthermore, a performance study demonstrated
how well the HRL-based DE reduces energy use without
sacrificing service quality.

This study advances the development of 6G networks that are
self-optimizing, sustainable, and prepared for the future by
bringing intelligent automation and environmental responsi-
bility into balance.



The remainder of this paper is structured as follows. In
Section II, we highlight the relevant studies in the literature.
Then, the core concepts of this study and the problem state-
ment are explained in Section III. The conducted methodology
of this work and simulation setup are described in detail in
Sections IV and V, respectively. Section VI is devoted to the
performance evaluation of the proposed approach. Finally, in
Section VII, we provide final remarks and future work.

II. RELATED WORK

Virtual Network Function (VNF) placement and migration
in the concept of 5G and Beyond (5GB) communication have
undergone a lot of investigation and research studies [4].
However, none of these methods proposed a multi-scale zero-
touch measurement approach, which is capable of reducing the
energy consumption of the system. The nature of the proposed
methods in the literature is not dynamic enough to meet the
requirements of the dynamic and live migration of the CNFs,
which is required for the 6G paradigm.

Over the last decade, several sets of techniques were de-
scribed in the literature that have addressed VNF-based SFC
(or even CNF) placement and migration based on mathemati-
cal optimization models, one of the earliest studies that utilizes
the Integer Linear Programming (ILP) for SFC deployment is
defined in [5]. In this work, the authors compare their proposed
model with a heuristic algorithm to find the conflict between
two algorithms, thus improving the proposed work. Similar
to this work by authors in [6]-[8], a mathematical model is
defined first to ensure the initial service placement and then
service migration across the multiple domains, the second
paper describes an optimal placement of the services while
meeting the latency requirement. In contrast, the third one
defines an ILP model to evaluate the experimental scenario
of a VNF placement scenario and then compare it with a
heuristic algorithm. However, these works do not provide an
optimization method to reduce the energy consumption of
domains or the energy consumption of the entire system. Nev-
ertheless, compared to previous works, a few studies proposed
energy-efficient methods for the VNF placement through the
mathematical model. For instance, in [9], the authors proposed
a mathematical model that is able to reduce the bandwidth,
energy, and replacement cost. In addition, the goal of the
study in [10] was to minimize the energy consumption of the
deployed chains by formulating the service deployment prob-
lem as an ILP model. The proposed model used a polynomial
technique that was both quick and scalable. Nevertheless, the
suggested technique was created for situations with static flow.

Another set of techniques used in the literature is based on a
wide range of Machine Learning (ML) algorithms from super-
vised [11], and unsupervised learning [12] to Reinforcement
Learning (RL) algorithms. Recently, among other methods, RL
techniques have attracted more attention among researchers in
the wireless and especially cellular communication networks
area since it is able to provide reliable solutions to complex
decision-making problems by interacting the agents with the
environment. Proposing a high level of dynamicity and making

the technology capable of new features. For instance, the
authors in [13] propose a flexible Q-learning algorithm to
achieve energy efficiency during the VNF-based SCF migra-
tion while meeting the latency requirement simultaneously.
The authors demonstrated a considerable enhancement over
the greedy heuristic algorithm. Another study proposed in
[14] introduced a Multi-agent Deep RL (MADRL) algo-
rithm known as Monitor and Successive Decision Framework
(MSDF) designed to reduce network cost in multiple SFC
migrations under dynamic traffic, outperforming traditional
heuristic algorithms.

As stated before, moving from the 5G to the 6G era will in-
troduce different challenges in terms of network infrastructure
and technologies that meet the requirements of futuristic ap-
plications beyond the features of the 5G. Rather than extreme
URLLC, extreme mMTC, and extreme eMBB, the evaluation
of the applications includes Al native communication, which
introduces complex network features to the 6G paradigm [2].
It is necessary to introduce flexible and scalable optimization
techniques to satisfy the upcoming requirement of the 6G
and support the systems with dynamic resource allocation,
scaling, service placement, and migration. For this reason,
deploying a CNFs-based SFC, capable of achieving optimal
performance and low latency in highly distributed and dynamic
environments while meeting quality service restrictions, can be
beneficial. As mentioned earlier, RL algorithms, specifically
HRL methods, are capable of providing the required level of
flexibility and reliability in decision-making for complex prob-
lems. To the best of our knowledge, no HRL-based DE method
has ever been introduced for CNFs-based SFC placement
before. Thus, this work benefits from the characteristics that
the HRL technique can provide, which is particularly suitable
for complex and dynamic environments. The proposed HRL
method dynamically deploys the services in the most proper
technological domain to reduce the usage of computational
resources along with the energy consumption of each domain.

III. PROBLEM STATEMENT

This section outlines the current issue in the 6G environment
that the paper addresses while providing a brief overview of
the core ideas that motivate the research and are crucial to
comprehending the approach used in this work.

One major challenge in 6G is the efficient placement of
CNF-based SFCs. The complexity of the heterogeneous 6G
environment and the requirement of futuristic applications,
which span multiple technological domains with contrasting
resource constraints, make this problem far more complicated
than in previous network generations. Traditional optimization
techniques often struggle to adapt in real-time or require too
much computational power, making them impractical for fully
automated networks.

The research aims to develop an HRL-based zero-touch
management framework for CNF-based SFC placement in 6G.
HRL simplifies learning into simpler sub-tasks and improves
policy optimization, making it suitable for zero-touch CNF-
based SFC placement. However, incorporating HRL into 6G-



native orchestration frameworks requires real-time learning
strategies, adaptability across domains, and energy-efficient
decision-making. The framework aims to reduce energy con-
sumption and computational resources while ensuring efficient
resource allocation across different domains, paving the way
for fully automated 6G network management.

Several fundamental ideas in RL form the basis of this ap-
proach. The core of the modeling lies in the Markov Decision
Process (MDP), which demonstrates the interaction between
defined technological domains and updates the sequential
decision-making in which two levels of agents interact with the
environment. This framework models the service placement
problem, which can be simplified as the following tuple:

(2,0, 11a, Aq) (D

where  is the representative of the group of states, which
includes the variables that define the environment or observa-
tion (in this paper, it corresponds to a set of computational
resources -CPU, RAM, and storage- aligned with network
metrics such as delay, available energy, and Bandwidth). €2
is updated at each step of the execution of the algorithms. ¥
is the group of actions the agents execute (low-level agent ex-
ecutes inside a domain, and high-level agents execute between
domains), which is responsible for the dynamic placement
of the services. I, (2:41|Q¢, @) is the probability transition
function depicting the probability of action o (which belongs
to U) being taken in the state ¢ to reach state ¢ + 1 in the
environment. Finally, A, is the reward function, calculated
after the execution of action o and updated at each step of the
process to provide feedback for the decision-making in the
next state. It is important to take into consideration that in the
proposed RL-based algorithm, since two levels of agents are
defined, two reward functions and two levels of actions are
required.

In general, Q-learning is a model-free (does not require
prior knowledge of the environment), off-policy RL algorithm
used to train an agent to make optimal decisions in an
environment. It is based on the concept of learning the value
of actions in different states to maximize cumulative rewards
over time. Q-learning serves by learning a function known as
the Q-value function (Q(s,a)), which estimates the expected
cumulative reward when taking action « in a state s, followed
by the Bellman equation update rule.

Stochastic policies specified in the maximum entropy frame-
work are optimized using the off-policy actor-critic DRL
method known as Soft Actor-Critic (SAC). The algorithm’s
foundation is a policy iteration formulation that exchanges be-
tween phases for policy improvement and policy evaluation. In
the former, the policy is updated towards the exponential of the
updated Q-function, whereas in the latter, a parameterized soft
Q-function is updated to match the value of the parameterized
policy in accordance with the maximum entropy aim [15].

Hierarchical Intentional-Unintentional SAC (HIU-SAC) is
a hierarchical RL method for tackling a complex task that
can be broken down into simpler subtasks to facilitate the

learning and exploration phase. It utilizes composable policies,
represented by Gaussian distributions, for each subtask, and a
compound policy, a higher-level policy, which combines and
orchestrates these policies to execute the overall objective. By
leveraging activation vectors, it manages the combination of
tasks and facilitates the fulfillment of the complicated task
through the defined sub-tasks. The algorithm learns these
policies concurrently using an off-policy approach, improving
learning efficiency and making it well-suited for challenging
decision-making problems [16].

Furthermore, according to the high-level architecture of the
proposed DE, which is based on the ETSI GS ZSM [17]
four main phases of a closed-loop function are outlined:
monitoring, analysis, decision-making, and execution. The
initial phase is collecting raw data, which is then analyzed to
provide knowledge and guide choices. To get the intended out-
comes, strategies are developed and implemented throughout
the decision-making stage. These stages guarantee a thorough
analysis of both past and present facts, improving decision
models and directing execution tactics. In order to facilitate
adaptive model modifications and decision-making for external
entities or other closed loops, the decision-making stage is
made to interact with external components and other closed-
loop systems. The paper [18] dives into the depth of this
architectural framework.

Based on the aforementioned information to provide fine-
grained control at both the strategic and operational levels, this
paper is the first to characterize 6G service orchestration as a
hierarchical, time-dependent, multi-domain RL problem.

IV. METHODOLOGY

This section applies an HRL-based optimization algorithm
that is derived from MDP to meet the proposed objective of
this paper.

The Intelligent Service Placement Algorithm evaluates the
available network and computing resources to optimize the
placement of service requests (S;) across several technical
domains (D;). Initially, the algorithm creates service requests
with particular resource requirements and sets the maximum
resource capabilities for each domain (C; and N, ). Service
requests are prioritized based on predefined precedence levels
(URLLC, mMTC, and eMBB) to mimic real-world efficient
service placement. Then, during each iteration, the algorithm
evaluates the resources of the available domains and whether
each domain has sufficient resources to accommodate the in-
coming requests. If a domain satisfies the service requirements,
a request is made, and the existing resources (Available Cy, ,
Available N4,) are updated appropriately. If not, the algorithm
makes an effort to assign the service to the next domain (
D, 1), guaranteeing the best possible use of the resources at
hand while reducing service rejection. The process continues
until all requests are either placed successfully or marked as
rejected due to resource constraints.

Beyond optimizing placement efficiency, the algorithm also
contributes to energy efficiency and green networking by min-
imizing unnecessary resource usage and optimizing workload



distribution. It ensures that resources are allocated in a way
that reduces energy consumption by avoiding overloading
specific domains and leveraging underutilized ones. By dy-
namically adjusting placement decisions based on available
domains’ resources, the algorithm helps lower power con-
sumption in the defined technological domains and provision a
balanced trade-off between performance, power efficiency, and
sustainability. Furthermore, evaluating the suggested algorithm
will simultaneously present the efficiency of the proposed
algorithm in terms of energy and computational resources.

Algorithm 1 Intelligent Service Placement Algorithm.

1: Initialization: Maximum Cyg, and Ng, and hyperparameters

2: Service generation S;

3: Input: Cs; and N,

4: Output: Available Cy, , Available Ng, and Src;

5: for each iteration do

6: for S; do

7: Prioritize the service request based on their level of
priority

8: end for

9: for D; do

10: if Cs; < Cq; and Ns; < Ng; then

11: Place S; on D; and update Cq, - Cs; = Available
Ca; » Na; - Ns; = Available Ng,

12: else

13: Place S;j on D;+1 and update Cy, ., - Cs; = Available
Ca;yq » Na;yy - Ns; = Available Ny,

14: end if

15: end for

16: end for

17: Return S;.; and Available Cy, , Available Ny,
18: end procedure

In Algorithm 1, each service is characterized based on the
following required factors:

Sj:<Bj7Lj7Ej7TjaRj7Hj) 2

where the required bandwidth, service duration, latency, en-
ergy consumption, computational resources, and priority level
are noted as B;, T}, L;, F;, R;,1I1;, respectively. In addition,
each domain provides a dedicated set of computational re-
sources and network resources, which are demonstrated as
follows.

C; = (Memory;, CPU;, RAM;)

N; = (B;, Li, E;) )

in which the required bandwidth (B;), latency (L;), and energy
consumption (F;) are defined as IN; network resources, and
computational resources include memory, CPU, and RAM.

V. SIMULATION SETUP

In this section, the important evaluation metrics’ models will
be explained. Then, the system model and the experimental en-
vironment will be described in detail. The following simulation
step-up allows us to deploy the proposed HRL algorithm under
the defined conditions. Section VI will evaluate and discuss
the assessment of the algorithm’s performance.

A. Energy Model

Various components contribute to the overall energy con-
sumption of 5GB networks. However, accurately calculating
total energy consumption is complex due to the interplay of
static and dynamic factors, as well as fluctuations in network
traffic patterns. This section briefly summarizes total energy
consumption in an idealized scenario. In this context, the total
energy consumption of a SGB network is the sum of its static
and dynamic components, expressed as follows.

n
ET = Z Estatic,i + Edynamic,ia (4)
=1
where
Esaic =T X (Pgs + O),
Edynamic =T % (Ucpu X Pcpu + Usw X Paw
+ Lepu X Px),

In this case, n domains are considered, in which Pgs, Pcpy,
Py, Pgw denote the power consumption of the base station,
CPU, transmission state, and each unit of bandwidth, respec-
tively. Ucpy, Lcpu, and Ugw represent the CPU utilization,
CPU load, and bandwidth utilization, which depend on the
actual traffic load within the domain. Lastly, O accounts for the
power consumption associated with the network infrastructure,
while T" representing the total operational time.

B. Delay Model

As mentioned in the Introduction, service placement latency
is a critical factor in 5G and 6G communications, distinguish-
ing it from traditional packet transmission delay is important.
In this case, the total service latency is defined as the sum
of different factors, including processing capabilities, resource
availability, and migration overhead, and can be conveyed as
follows.

Lsewice,T = Lprncessing + LI/O + Lqueue + Lmigratiom (5)

where Lprocessing 18 noted as the processing delay, which is
the time taken to allocate computing resources to the ser-
vice placement. Lyo denotes the time required to transfer
the service-related data (code, dependencies, configurations)
between different hardware components, storage devices, or
network layers. Lgyeue is the time that each service is waiting
before execution due to scheduling (service prioritization) or
resource constraints. Lmigration 1 the duration that a running
service in one domain is transferred to another domain to
optimize the response time while preventing service rejection.
It is worth mentioning that in this scenario, the migration delay
has not been taken into account since the focus of the paper
is on the placement of the SFC.

C. Traffic Pattern

In this study, three different traffic distribution models are
defined to model the most proper traffic pattern for each
service type: square, Poisson, and exponential, which map to
URLLC, mMTC, and eMBB services.



In general, the square wave pattern imitates the constant bit
rate (CBR) and on-off transmission. The Poisson distribution
matches mMTC well, as it represents random event arrivals.
Finally, the exponential pattern models the sudden bursts in
data transmission, such as adaptive video streaming or large
file downloads, where traffic grows rapidly and stabilizes.

D. System Model

We consider a 5GB network comprising multiple technolog-
ical domains (e.g., edge and cloud), which are geographically
distributed across different locations. Each domain contains
a random number of interconnected servers, forming a local
infrastructure. User terminals connect to these domain servers
to request network services, which are represented in the form
of SFCs.

Fig. 1 illustrates a domain-wise network graph. Within each
domain (intra-domain), low-level (local) agents assess whether
the requested computational and communication resources are
available. If the required resources are sufficient, the service
is successfully placed in the selected domain (depicted by the
green flow). However, if the resources are insufficient, the
service request fails (red flow), and a high-level (global) agent
oversees the selection of an alternative domain for placement.
It is important to note that service requests are prioritized
based on their urgency before allocation. In addition, for
the matter of simplification in this set of simulations, three
domains are taken into consideration.

Finalize the DM process @, =@,
Initialize the DM process &, &
Failed service placement Bioad
Succesful service
place&ncnl,
Requested service
Server

‘a\ | /2N | 2N
o e s - s

oy vy

=

High level agent ‘

EAIS
Fig. 1: Architecture of the HRL-based DE.

The simulation of the described HRL-based DE was con-
ducted using Python language and a custom OpenAl Gym
environment, and HRL agents were built using PyTorch. The
environment defines the following components to map the
defined optimization problem to the MDP.

o State: According to the HRL algorithm, the state space
includes the computational and communicational metrics
of the domain (see. Eq. 3), which is updated in each
iteration of the algorithm procedure.

¢ Action: Since two levels of agents are making decisions,
two levels of actions are defined: local Action and Global
Action. The local Action is a binary value that demon-
strates whether the comparison conducted addresses the
requirement or not. Then, the global Action, which the
global agent performs, is to select the most proper domain
for the required service process.

o Reward: Similar to the Action, two levels of rewards are
conducted at two levels of the algorithm; however, the
optimization function of the HRL algorithm is defined in
the high level of the algorithm as follows.

< 1-E
— L

Reward = - , (6)

Z w1 - Lservice,T

=0
where n is the total number of the domains, Er is the
total energy consumption of the network, w; is the weight
of Lgervice,r in the reward function, and o determines how
much priority is given to maximizing the available energy and
minimizing latency. A detailed explanation of the functionality
of the implemented HRL algorithm can be found in [18].

VI. PERFORMANCE EVALUATION

In this section, the impact of the proposed HRL-based DE
on the performance of the defined network is assessed through
simulations. The baselines to evaluate the proposed algorithm
are Q-learning-based single-agent [19] and the SAC-based
algorithm [20], which are adapted to the defined network
environment.

Fig. 2a highlights the amount of CPU usage percentage
under the deployment of the three defined algorithms for each
domain. As it is demonstrated, Q-learning and SAC show
higher CPU usage, while HIU-SAC demonstrates slightly
lower usage, which suggests better computational efficiency
(around 60% and 20% compared to the Q-learning and SAC
algorithms, respectively). The Q-learning spikes higher, pos-
sibly due to its less adaptive nature in handling complex
environments.

HIU-SAC achieves the lowest energy consumption by using
a hierarchical decision-making structure (190 mJ), while Q-
learning consumes the most due to an inefficient exploration
phase (445 ml]). By showing 390 mlJ] energy consumption,
SAC falls in between, balancing learning efficiency with
computational cost better than Q-learning (see Fig. 2b).

Q-learning’s high latency (average of 21 ms) is linked
to its increased energy consumption and CPU usage, which
is caused by its inefficient decision-making process, and
therefore, it reveals less throughput. In contrast, HIU-SAC
achieves lower latency (4 ms) and energy use through a more
streamlined, hierarchical approach. These results show an 80%
reduction in latency and around a 65% increase in throughput
(Fig. 2d and Fig. 2c¢).

Service rejection is a critical performance metric in 5GB
networks, representing the proportion of service requests that
are denied due to resource limitations, policy restrictions,
or network congestion. Fig. 3 demonstrates the effectiveness
of the HIU-SAC algorithm in managing network resources,
highlighting a significant reduction in service rejection (58%
) compared to traditional approaches such as Q-learning and
SAC. This highlights the benefits of employing a more ad-
vanced and adaptive resource management strategy.
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VII. CONCLUSION AND FUTURE WORK

In this work, we assessed the effectiveness of a DE based
on HRL for automated and zero-touch SFC placement, with
an emphasis on increasing energy efficiency and lowering
operating overhead. The results of our approach demonstrated
a considerable reduction in energy consumption (60%) and
latency (80%) while improving the resource allocation opti-
mization compared to the flat RL. However, it is important to
mention that the proposed framework did not take into account
the fairness of service placement across various domains.
By including fairness criteria in the decision-making process,
future research will attempt to overcome this constraint and
guarantee equal resource allocation across several domains.
Our study will also expand to create an Intent-Based Network
(IBN) solution that dynamically adjusts to shifting network
conditions. A strong solution for live migration services in
the 6G context will be introduced as part of this, facilitating
smooth transitions and enhancing service continuity.
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