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Abstract

Managing resource use in cloud and edge environments is crucial for optimizing perfor-
mance and efficiency. Traditionally, this process is performed with detailed knowledge of
the available infrastructure while being application-specific. However, it is common that
users cannot accurately specify their applications’ low-level requirements, and they tend
to overestimate them—a problem further intensified by their lack of detailed knowledge
on the infrastructure’s characteristics. In this context, resource orchestration mechanisms
perform allocations based on the provided worst-case assumptions, with a direct impact
on the performance of the whole infrastructure. In this work, we propose a resource or-
chestration mechanism based on intents, in which users provide their high-level workload
requirements by specifying their intended preferences for how the workload should be
managed, such as prioritizing high capacity, low cost, or other criteria. Building on this,
the proposed mechanism dynamically assigns resources to applications through a Rein-
forcement Learning method leveraging the feedback from the users and infrastructure
providers’ monitoring system. We formulate the respective problem as a discrete-time,
finite horizon Markov decision process. Initially, we solve the problem using a tabular
Q-learning method. However, due to the large state space inherent in real-world scenarios,
we also employ Deep Reinforcement Learning, utilizing a neural network for the Q-value
approximation. The presented mechanism is capable of continuously adapting the manner
in which resources are allocated based on feedback from users and infrastructure providers.
A series of simulation experiments were conducted to demonstrate the applicability of the
proposed methodologies in intent-based resource allocation, examining various aspects
and characteristics and performing comparative analysis.

Keywords: resource allocation; intents; cloud computing; Q-learning; deep reinforcement
learning; neural networks

1. Introduction
Cloud computing serves the computing workload and the associated data of services

and applications from various domains, with diverse resource capacity, security, reliabil-
ity, cost and other requirements. Lately, edge computing has gained increased interest
from industry and academia, providing computation and storage capacity at the network
periphery, close to where various devices and sensors produce data. Edge computing
enables more rapid processing, decreasing the applications’ experienced latency, while
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also limiting the load that is carried and served by higher-layer resources in the cloud.
Edge and cloud resources that operate in collaboration formulate what is known as the
edge–cloud continuum [1], allowing the integration of the benefits of the different layers.
In this continuum, the availability of resources increases as we move from the edge to the
cloud, but so does the latency experienced by the applications. Therefore, tasks and data
are allocated as follows: temporary storage and delay-sensitive computations are at the
edge, while computational heavy processing and persistent storage are at the cloud.

Efficient resource allocation is a key factor for making the best use of infrastructures.
Most existing approaches to resource allocation assume that workload requirements are
known precisely, for instance, provided directly by users, and that orchestration mecha-
nisms have complete knowledge of the properties and current state of the resources. In
reality, however, these assumptions often do not hold. Users usually have a subjective
understanding of their needs—for example, what one user considers low-cost or fast may
differ for another application. Additionally, users often have only a vague view of the avail-
able infrastructure, either because resource providers do not supply complete information
or because users find it burdensome to fully explore the details. Consequently, users cannot
always express their requirements clearly in quantitative terms or align them accurately
with the actual capabilities of the infrastructure. Similarly, orchestration mechanisms can-
not always monitor resources in full detail due to their large number, heterogeneity, and
constantly changing status. This issue is compounded when resources belong to different
providers, as some may be unwilling to share detailed information about their systems.
The challenge is particularly pronounced with numerous edge resources scattered across
various locations, managed by multiple organizations or individuals, and exhibiting highly
diverse characteristics.

Recently, intent-based operations have been considered by various stakeholders
(providers, standardization organizations, and academia) [2,3] as a way for applications
and users to express their requirements from digital infrastructures in terms of their com-
puting, networking, storage and other requirements. In particular, it is important to make
clear the difference between Quality of Services (QoS) and Quality of Experiences (QoE).
QoS is a technical and objective measurement of how well a network or system delivers
services like availability, latency, and speed. Conversely, QoE is a subjective measurement
of the satisfaction or the frustration of the user of an application or service [4]. Additionally,
the user’s intent is the goal that the user wants to achieve without worrying about technical
details [3].

Overall, the goal of the intent-based approach is to describe in an abstract manner an
infrastructure’s desired operation state, rather than the way of achieving it. In opposition,
in Intent-Driven Networking, we focus in how a network can be regulated, automated
and managed by the user’s intent. An Intent-Driven Network refers to an intelligent
networking paradigm capable of autonomously translating an operator’s intents into
actionable configurations, verifying and deploying them, while performing continuous
optimizations to achieve the desired target network state [5]. Generally, in Intent-Driven
Networking, we concentrate on how data will traffic more effectively in the network.
Intent-Based Networking (IBN) seeks to simplify network management by automatically
turning high-level, abstract service requests into precise policy definitions [6]. In other
words, traffic optimization and safety is the main goal in Intent-Driven Networking, while
in Intent-Driven Cloud/Edge Computing, the most important goal is the optimization of
application execution performance and cost. In other words, in cloud/edge computing, we
are interesting in how the application will operate in order to satisfy the user’s intent.

In this work, we focus on intent-based resource allocation for edge and cloud comput-
ing infrastructures (Figure 1). The key idea is that application requirements are expressed
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as intents in a way that is independent of the underlying infrastructure, since applica-
tion owners are often unable to specify precise quantitative characteristics or numerical
requirements for their workloads. The main contribution of our approach is the devel-
opment of an advanced resource allocation mechanism that integrates Markov Decision
Processes (MDPs), tabular Q-learning and Deep Reinforcement Learning to translate the
users’/applications’ intentions to efficient resource allocations within the edge–cloud con-
tinuum. In the discrete-time, finite-horizon MDP model considered, each state corresponds
to a different set of past decisions and each action to a specific resource allocation decision.
The tabular Q-learning approach, while allowing us to calculate optimal Q-values, becomes
inefficient as the state space grows. To address this limitation, we employ neural networks
in a Deep Reinforcement Learning approach. This enables a continuous improvement in
the performed allocations by incorporating user satisfaction and real-time feedback from
infrastructure monitoring, both of which are depicted in the reward function of our RL
approach. The simulation results obtained showcase the validity of our approach.

Figure 1. Intent-driven resource allocation in edge and cloud computing.

Scope and limitations. This study is intended as a proof of concept for intent-driven
resource orchestration. To keep the evaluation tractable, we focused on a single-user
setting, relatively modest resource scales (up to 25 resources), and a simulated Gym-
based environment. We also modeled resources in a simplified, binary form to highlight
the feasibility of mapping intents to allocations. Extending the framework to multi-user
scenarios, multi-dimensional heterogeneous resources, and experiments with public cluster
traces represents an important direction for future work.

The reminder of this paper is organized as follows. Previous work is reported in
Section 2. In Section 3, we discuss the system model and the infrastructure-agnostic
operations. In Section 4, we describe our Reinforcement Learning methodologies for intent-
driven resource allocation. Simulation experiments are presented in Section 5. Finally, we
conclude our work in Section 6.

2. Related Work
Resource management is widely recognized as a critical aspect of edge and cloud

computing, and numerous approaches have been proposed to address it [7]. In recent
years, Reinforcement Learning (RL) methods have gained increasing attention as a means
to perform efficient resource allocation in these environments.

Reinforcement Learning (RL) is a branch of machine learning that has attracted consid-
erable attention in recent research. In RL, one or more agents engage with the environment
to understand its behavior [8]. The agent selects actions and obtains feedback through
rewards, aiming to maximize the cumulative reward over time. To achieve this, the agent
evaluates both immediate and future potential rewards to determine the optimal policy.
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This involves an iterative process where the agent continuously updates its actions based
on received rewards: if the cumulative reward is positive, the agent maintains its cur-
rent policy, whereas negative rewards prompt the agent to adjust its strategy to improve
outcomes in subsequent iterations.

RL methodologies can be categorized as model-based or model-free. In model-free
RL, agents learn to make decisions without an explicit model of the environment, rely-
ing on trial and error. Common model-free methods include Q-learning, SARSA (State–
Action–Reward–State–Action), Monte Carlo methods, TD learning (Temporal Difference
learning), Actor–Critic methods, and Deep RL. These approaches are particularly useful
when modeling the environment is difficult, though they often require more training data,
computational resources, and energy to learn optimal policies compared to model-based
methods. Deep RL, which integrates RL with neural networks, excels in handling high-
dimensional state spaces and is well suited for complex scenarios where traditional RL
struggles. In [9], a Q-learning-based RL approach is proposed to translate user intentions
into efficient resource allocations within a cloud infrastructure, continuously improving
resource distribution based on both user satisfaction and infrastructure efficiency.

RL has been applied to a wide range of problems, including zero-sum games [10],
stock market forecasting [11], and decision-making in autonomous driving [12]. RL-based
methods have also been used for resource allocation in wireless networks, such as avoiding
interference from hidden nodes in CSMA/CA [13], 5G service optimization using deep
Q-learning [14–16], hybrid networks combining RF and visible light communications [17],
satellite–terrestrial networks [18], and optical networks [19]. In the edge–cloud domain,
RL and Deep RL (DRL) techniques have been widely explored [15,20–25]. For example,
ref. [15] proposes an integrated approach for assigning tasks and allocating resources within
a multi-user WiFi-enabled mobile edge computing environment, while [21] introduces a
Q-learning method for efficient edge–cloud resource allocation in IoT applications. In [22],
neural networks are used for computational offloading in edge–cloud systems. Ref. [23]
applies DRL to balance mobile device workloads in edge computing, reducing service time
and task failures. Ref. [24] uses a model-free DRL approach to orchestrate edge resources
while minimizing operational costs, and [25] proposes an RL-based task scheduling algo-
rithm for load balancing and for reducing the energy consumed. Despite these advances,
deploying Deep Q-learning Networks (DQNs) presents challenges, such as the reliance on
neural networks for Q-value approximation, which can be sensitive to data quality and
quantity [26], and the critical selection of hyperparameters during network initialization to
ensure faster convergence and efficient learning [27].

Intent-driven operations aim to simplify the management of complex infrastructures
by separating the “what” of user goals from the “how” of resource orchestration. Originally
applied to networks under the term intent-based networking [5,28–30], intents are often
described using structured formats like JSON or YAML, though Large Language Models
(LLMs) have also been explored for this purpose [31].

In particular, the IntentContinuum framework [32] demonstrates how LLMs can parse
free-text intents and directly interact with resource managers to maintain service-level
objectives across the compute continuum. This highlights the potential of LLMs for richer
and more flexible intent parsing, complementing our Reinforcement Learning methodology
that focuses on intent-to-resource translation and allocation.

The use of intents is now being extended to cloud and edge computing [33–38]. For ex-
ample, ref. [33] defines rules for expressing service-layer requirements, while [34] provides
a Label Management Service for modeling policy requirements. In [35], an intent-aware,
learning-based framework for the offloading of tasks is developed for air–ground integrated
vehicular edge computing. Ref. [36] presents a framework translating cloud performance
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intents into concrete resource requirements, and [37] introduces a Service Intent-aware Task
Scheduling (SIaTS) framework that uses auction-based scheduling to match task intents
with computing resources. Ref. [38] proposes an intent-driven orchestration paradigm to
manage applications through service-level objectives, ref. [39] matches multi-attribute tasks
to cloud resources, and [6] automates virtual network function deployment over cloud
infrastructure using intent-based networking.

A recent survey by [40] provides a systematic review of Deep Reinforcement Learning
approaches for resource scheduling in multi-access edge computing (MEC). The study cate-
gorizes existing work according to the system model, algorithmic family, and evaluation
methodology, highlighting edge-specific constraints such as device mobility, limited energy,
and heterogeneous latency requirements. It also compares common metrics and bench-
marks used across the literature, which helps position our proof-of-concept evaluation
based on synthetic tasks relative to the broader ecosystem of MEC scheduling research. In
contrast, our formulation focuses on intent-driven resource orchestration and explicitly
incorporates user satisfaction into the reward design, thereby addressing a different but
complementary aspect of edge–cloud resource management.

DRL Surveys and Positioning

Recent comprehensive surveys synthesize the growing literature on Deep Reinforce-
ment Learning (DRL) for cloud/resource scheduling and highlight common design patterns,
benchmarks, and open challenges. In particular, ref. [41] provides a structured review
of DRL approaches for cloud scheduling, discusses multi-dimensional resource models,
and compares Q-learning/DQN families against actor–critic, model-based and multi-agent
methods. This survey helps position our work within the DRL for the scheduling land-
scape and motivates the need to consider alternative algorithm classes (policy-gradient,
actor–critic, and MARL) in future extensions.

Our work builds on these ideas but takes a distinct approach by applying Q-learning-
based methods to translate high-level user intentions into low-level resource allocations
in an edge–cloud infrastructure. We compute optimal Q-values and also evaluate a neu-
ral network-based method designed to improve scalability for more realistic scenarios,
highlighting differences in efficiency and performance.

3. System Model and Infrastructure-Agnostic Operations
3.1. Infrastructure

Our work is based on a computing environment, consisting of multiple resources (N)
located both at the edge and the cloud. Each resource has different capabilities regarding
capacity, usage cost, and security. Capacity refers to the computing power or the storage
capabilities of the unit, measured e.g., as the number of (virtual) CPUs a computing resource
has or the number of Gigabytes (GB) available in a storage resource. The cost of use can
be defined in several ways, compatible with the cloud computing paradigm, such as a
fixed fee for a period of time or charging based on the quantity used and time utilized
(a pay-as-you-go (PAYG) model), e.g., GBs per hour. Security depends on the specific
mechanisms provided by each resource, for example, access control policies, encryption
capabilities, or authentication protocols. Additional parameters of interest may also be
taken into account.

These parameters are assumed to take discrete values chosen from predefined sets,
which aligns with the existing cloud computing services. In practice, public clouds provide
a range of virtual computing instance types that combine computing (virtual CPU), memory,
storage, and networking resources in different capacities and are optimized for distinct
workload profiles, such as computing and memory- or storage-intensive tasks [42]. In
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this setting, the virtualized infrastructure resources are modeled with capacity, cost, and
security levels, each taking values from these discrete sets (namely “resource levels”):

• Nc levels of resource capacity: SC = {c1, c2, . . . , cNc};
• Nu levels of resource cost: SU = {u1, u2, . . . , uNu};
• Ne levels of resource security: SE = {e1, e2, . . . , eNe}.

3.2. User Workloads

Workload requests are defined by users or applications that require computational
power or storage and are submitted to an orchestration entity responsible for managing
the infrastructure.

Workload requests are generated by users and applications in a continuous manner
requesting computing and storage resources for their service. These requests are submitted
in an orchestration system (e.g., kubernetes) that manages the infrastructure. Each such
request contains the requirements for the proper execution of the task under submission.
These requirements include the required computing capacity (e.g., the number of virtual
CPUs) for its proper execution or the size of the data that need to be stored (e.g., 2 GB).
In addition, it can capture requirements that are independent of the underlying infras-
tructure, for instance, constraints or preferences related to cost (e.g., based on the overall
available budget), security (e.g., based on compliance requirements), and performance
(e.g., in the case of a mission-critical application), in the form of intents. This may be
necessary when the user or application cannot express these aspects quantitatively. These
intents may be expressed in different ways, e.g., by characterizing the desire for “fast”
execution, “highly secure” storage, or “low-cost” operation. In our work, we capture this
abstraction by defining a small set of “intent levels” for each operational dimension (e.g.,
cost, security, etc.):

• N̂c levels of user intent capacity: ŜC = {ĉ1, ĉ2, . . . , ĉN̂c
}, where N̂c << Nc;

• N̂u levels of user intent cost: ŜU = {û1, û2, . . . , ûN̂u
}, where N̂u << Nu;

• N̂e levels of user intent security: ŜE = {ê1, ê2, . . . , êN̂e
}, where N̂e << Ne.

We assume that these “intent levels” of a user/application are much smaller in number
than the “resource levels” (Section 3.1), based on the reasonable idea that a user has a very
abstract view of the resource’s characteristics and their granularity (Figure 2). An intent
level (IL) can be loosely viewed as a Class of Service (CoS) level, with the important
difference that it is a subjective measure of desired performance compared to CoS, which is
objective. A CoS usually corresponds to some specific quantitative level of performance,
while an IL captures the way the user/application perceives this performance, which is a
subjective criterion (a given objective CoS may be interpreted as different ILs by different
users). One of the targets of our approach is to learn the (objective) CoS that corresponds to
the IL asked by a given user or application and allocate the resources required to implement
the respective (objective) CoS for the user.

The matching of these intent levels that are infrastructure-agnostic to the various
resource levels (Section 3.1) is critical for intent-based operations. This is the research
challenge in our work. So, the j-th submitted workload of user k, wjk, can be described with
the intent tuple X̂jk = {ĉjk, ûjk, êjk}, where ĉjk ∈ ŜC, ûjk ∈ ŜU and êjk ∈ ŜE. Then, the user
intents are matched to the appropriate resource levels in the infrastructure in a matching
process that can be described through transition function f . Particularly, function f takes
as input the user-specified intent parameters (ĉjk, ûjk, and êjk), corresponding to the desired
capacity, cost, and security levels for the workload wjk and maps them to the most suitable
infrastructure-related resource levels ci, ui and ei from the available resource pool. This
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multi-dimensional process for a particular user or application a can be described through
function fa, which is defined as follows:

fa : (ĉjk, ûjk, êjk)→ (ci, ui, ei)

However, aligning the user’s intent with the available resource characteristics can be
a difficult process. For instance, a request for high computational capacity (ĉjk = High)
at a low cost (ûjk = Low) can be a challenge. Function f is not pre-defined but instead is
dynamically calculated for each user/application through the proposed mechanism.

Figure 2. An example of resource and intent levels for a parameter of interest.

3.3. Example of Infrastructure-Agnostic Operation

In what follows, we present an example of an infrastructure-agnostic operation that
involves a data storage request, which the infrastructure should serve. The request pa-
rameters include the data storage requirements, which are expressed in Gigabytes (GB). In
addition, the request’s parameters include an associated intent tuple, R, indicating that the
data should be stored in a resource, which has “low” cost and increased (“high”) security
characteristics: R = {û, ê} = {“low′′, “high′′}. We can consider a scenario where the cost
and security parameters’ “intent levels” are ŜU = 1, 2, 3 and ŜE = 1, 2, 3, respectively, and
the “low”-cost intent corresponds to value 1 of ŜU , while the “high”-security intent matches
value 3 of ŜE. For simplicity, we can express these intents with a tuple, R = {û, ê} = 1, 3.

The objective of the procedure presented is to effectively match the given intents into
concrete resource allocation decisions regarding the service of the tasks/workload. The aim
of the approach outlined below is to convert in an efficient manner the specified user intents
into concrete actions for allocating resources, executing tasks or storing data. Efficiency
has to do with aligning, as closely as possible, the resource-related actions (e.g., allocate
resources) in the infrastructure with the actual intentions of the users or applications,
regarding the service their tasks or data are receiving from it. For instance, we consider
the scenario of an infrastructure provider offering resources with Nu = 8 cost (“resource”)
levels for data storage service with different capabilities, expressed in terms of monthly
cost per GB, e.g., Su = 5, 15, 25, 35, 45, 55, 65, 75. For a user that specifies its intention for the
service’s cost as û = 1 (e.g., indicating that it is looking for a relatively low-cost service), the
methodology needs to map this intention and the associated “intent level” to an actual cost
from the ones available from the set Su. In general, we might expect that û = 1 corresponds
to 5, 15, or even 25 monthly costs per GB (“resource level”). In reality, however, this
“intent level” varies from user to user and may align with one of the available “resource
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levels,” or in some cases, it might not match any existing level. Thus, the same intent level
from different users may map to different resource levels (Figure 3). This is due to the
fact that different users may hold varying perceptions of what constitutes, for example,
a “low”-cost resource.

Figure 3. Example of intent-driven resource allocation.

4. Q-Learning-Based Intent Translation
We utilize Reinforcement Learning (RL) to automate the process of identifying a

policy that matches users’ intent levels with the appropriate resource levels for specific
parameter types. We formulate the problem as a discrete-time Markov Decision Process
(MDP). This MDP is characterized by the tuple (S, A, P, R, γ), where (i) S is a finite set
of states representing the various distributions of infrastructure resources (utilization),
(ii) A denotes the set of allowable low-level actions (allocations/deallocations of resources)
that facilitate state transitions during the application’s resource allocation, (iii) P is the
state transition probability matrix, indicating the probability of transitioning from one
state to another following a specific action, (iv) R is the reward function that assigns an
immediate numerical reward to each state–action pair (s, a, s′), and (v) γ is the discount
factor that harmonizes the emphasis on immediate rewards with future rewards in long-
term reward optimization.

4.1. State, Action Space and Rewards

The state space S, action space A, and reward r are the fundamental components that
need to be defined in our RL-based method. The RL process is executed at time t ∈ T,
where T is a set of discrete time steps.

The system state s ∈ S at time t represents the availability of resources within the cloud
infrastructure. For clarity, we consider that each task or workload exclusively occupies
one of the N available resources. Consequently, the environment is modeled as a tuple
capturing the availability of resources:

s = {o1, . . . , oN},

where each oi ∈ {−1, 1} denotes whether resource i is occupied or it is free. For more clarity
of exposition, we adopt a binary abstraction of the infrastructure, where each resource
is modeled as either occupied (oi = 1) or free (oi = −1). This simplification allows us
to highlight the feasibility of intent-to-resource mapping while keeping the state space
tractable. In practice, resources exhibit multiple continuous attributes (e.g., CPU, memory,
storage, bandwidth) that can be incorporated in extended formulations.
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4.1.1. Extension to Continuous and Multi-Dimensional Resources

The binary abstraction used in this work, where each resource is modeled as either
free or occupied, was chosen to keep the proof of concept tractable. However, real infras-
tructures are inherently multi-dimensional: each resource is characterized by multiple
attributes such as CPU cores, memory, storage capacity, and I/O throughput. A more
realistic representation can be achieved by extending the state vector to continuous or
multi-level dimensions.

Formally, the state of resource i can be expressed as:

oi =
(
ci, mi, si, bi

)
,

where ci ∈ R+ denotes available CPU capacity, mi ∈ R+ the available memory, si ∈ R+

the storage capacity, and bi ∈ R+ the bandwidth. The global system state then becomes a
concatenation of such vectors across all resources. Actions similarly generalize to multi-
resource allocations or migrations of tasks requiring bundles of heterogeneous resources.

While this extended model is more expressive, it also enlarges the state–action space
exponentially, which motivates the adoption of scalable Deep Reinforcement Learning
methods or hierarchical/policy-gradient approaches. Exploring such extensions represents
a promising direction for future work, beyond the binary abstraction adopted in this study.

The action space, A, encompasses all actions that may be executed from the various
states and establishes the rules governing state transitions. As the agent interacts with
the environment, it tests different actions in order to identify those that most effectively
fulfill the defined intent-based objectives. In our study, we consider that at any given time
t, two types of actions can be performed: either assigning a new user task to an available
resource or migrating an ongoing task to another free resource. Accordingly, the set of
possible actions can be expressed as At = {r1, . . . , rN}, where N denotes the total number
of available resources. However, not every transition between states is feasible in practice,
since we limit each time step to handle a single new task assignment or a single task
migration to another resource. For instance, in a cloud environment with N = 4 computing
units (resources), consider state s1 = {1, 1,−1,−1}, where the first and second resources
serve a task.

In this case, a valid action could lead to state s2 = {1,−1, 1,−1}, representing a
migration of the task from the second to the third resource. On the other hand, state
s3 = {−1,−1, 1, 1} cannot be realized, since it requires more than one task to migrate to
different resources in the same time step.

When the agent executes an action, a, from state s at time t, leading to a transition
to state s′, it receives a reward R(s, a, s′), which quantifies the effect of the action taken.
A key innovation in our approach is that the reward is influenced not only by the state
of the infrastructure (as is common in related works) but also by feedback from the user
submitting the task. On the user side, the reward reflects how well the executed task
aligns with the user’s intent, capturing their level of satisfaction. On the infrastructure
side, it measures how efficiently the available resources are utilized. These two aspects
are interconnected since the inefficient use of resources can lead to uncompleted tasks,
which in turn decreases user satisfaction. In practice, user satisfaction can be captured
through immediate feedback mechanisms, such as a user interface [2], once a task has been
processed, while the efficiency of the infrastructure can be tracked via monitoring systems,
e.g., Prometheus.

In our work, we consider the following reward function, R(st, at, st+1) = a · φ(at) +

b · ul(st+1), where φ is the satisfaction level based on the action performed at time t and
ul(st+1) the utilization of the resources at the subsequent state st+1. Specifically, φ is defined
as the discrepancy between the intended parameters Ĉjk, cost Ûjk, and security Êjk for a
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specific workload wjk submitted by user k and the actual resource levels Ci,j,k, Ui,j,k, and
Ei,j,k allocated by infrastructure i. The satisfaction function φ can be defined as follows:

φ(X̂jk, Xi,j,k) =
1

1 + ∑
∣∣∣X̂jk − Xi,j,k

∣∣∣
Coefficients a and b define the balance between resource utilization and user sat-

isfaction feedback. The satisfaction score is computed quantitatively by comparing the
user’s intended preferences with the characteristics of the resources to which the tasks are
assigned, such as cost or security levels. In real-world scenarios, however, the satisfaction
reported by a user is inherently subjective and may differ from this calculated “ideal” value.

4.1.2. Noisy and Delayed Feedback

In the reward function presented above, user satisfaction is modeled through a quan-
titative comparison of intended versus allocated resource levels. This formulation as-
sumes that feedback is immediate and noise-free. In realistic deployments, however,
user feedback may be delayed or inherently noisy, due to a subjective evaluation or
measurement uncertainty.

To capture this aspect, the satisfaction term can be perturbed with a stochastic noise
component ϵ ∼ N (0, σ2) so that

φ̃(X̂jk, Xi,j,k) = φ(X̂jk, Xi,j,k) + ϵ.

Delayed feedback can be represented by applying the reward update not at time step
t, but at t + δ, with δ denoting the feedback delay. Preliminary experiments with Gaussian
noise injection showed that the Deep RL agent maintained convergence trends, albeit
with slower stabilization compared to the noise-free case. These robustness considerations
indicate that while our abstraction provides a tractable proof of concept, extending the
evaluation to incorporate noisy and delayed feedback is critical for real-world intent-based
orchestration scenarios.

4.2. Q-Learning Methodology

Q-learning is a trial-and-error-based AI technique where a software agent learns to
make optimal decisions. It does this by repeatedly interacting with its environment—which
includes the system infrastructure and the user—to infer the user’s intentions and learn a
predictive value for every possible action. This “action–value function” allows the agent
to identify which actions will best serve the user’s goals and yield the greatest long-term
rewards, all without requiring a pre-defined model of how the environment works.

For a state–action pair (st, at) at time t the optimal action–value function Q∗(st, at)

represents the expected cumulative reward when starting from state st, taking action at,
and subsequently following the optimal policy. Similarly, the optimal value function, J∗(st),
for state st at time t provides the expected return when starting from state st and following
the optimal policy. These functions are related by the following equation for each time step
t within horizon T:

J∗(st) = max
at∈A

Q∗(st, at)

The Q-learning algorithm iteratively updates the estimate of the action–value function
for each state–action pair visited by the agent, guided by the Bellman equation:

Q(st, at)← Q(st, at) + α

[
R(st, at, st+1) + γ max

at+1
Q(st+1, at+1)−Q(st, at)

]
,
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where Q(st, at) represents the estimated value of taking action at in state st, α is the learning
rate that determines the weight assigned to newly acquired information, R(st, at, st+1)

denotes the immediate reward obtained from the environment for executing action at, and
γ is the discount factor that balances the importance of future rewards relative to immediate
ones. In the tabular approach, these Q-values for all state–action pairs are stored in a data
structure known as the Q-Table.

Various strategies can be employed by the agent to select actions in each state. These
include random selection, choosing the least frequently executed action, or selecting the
action associated with the highest Q-value. Additionally, many Q-learning implementations
incorporate a probability parameter, ϵ, which governs the exploration–exploitation trade-
off: it controls whether the agent chooses the action with the highest estimated value
(exploitation) or explores alternative actions (exploration). The rewards obtained from
these actions lead to continuous updates of the Q-values in the Q-Table, allowing the agent
to refine its policy over time.

The cumulative reward at the different time steps t is defined as

Gt = R(st, at, st+1) + γR(st+1, at+1, st+2) + γ2R(st+2, at+2, st+3) + · · · ,

where R(st, at, st+1) represents the immediate reward obtained by the agent at time step
t + 1 for executing action at from state st, while γ denotes the discount factor. The agent’s
objective is to determine the policy that maximizes the expected total reward Gt across all
potential sequences of states and actions.

4.3. Neural Network-Based Approximation of Q-Values

The use of a Q-Table for storing state–action values can become demanding, due to
the exponential growth of the table’s size, when considering infrastructures/environments
with a large number of resources and tasks. This is particularly true in an edge com-
puting environment involving numerous small capacity resources and under the cloud-
native (microservices) computing paradigm where the various applications consist of
several subtasks.

A common method to perform a Q-value approximation involves training a neural
network, leveraging its ability to generalize from visited to unvisited states and enabling
the agent to learn complex mappings from states to Q-values, thereby estimating unknown
Q values (Q̂(s, a)) based on the Bellman optimality principle.

In this case, the neural network is trained with the collected data that are used to
depict experiences, structured as tuples of the form (s, a, r, s′). This includes an iterative
process with a varying number of steps, whose number depends on when it converges to
the optimal Q-values Q∗(s, a). In this way, the neural network learns from interactions with
the environment and updates the Q̂ values to reflect learned experiences at each iteration.

Qtarget(st, at) = R(st, at, st+1) + γ max
at+1

Q̂(st+1, at+1),

When the aforementioned process is completed, the neural network is able to provide
the approximated Q-values, denoted as Q̂(s, a), which are an estimation for the optimal
action–value function. Leveraging this Q-values, the current state, st, at any given time
t can be evaluated in conjunction with all possible actions a ∈ A so as to calculate the
estimated value function Ĵ(st) of the current state.

Ĵ(st) = max
a∈A

Q̂(st, a)
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5. Performance Evaluation
In our experiments, we used Gym open source Python 3.12 (64-bit) library to create

a custom environment that represents an edge–cloud infrastructure where tasks can be
assigned and migrate to and from resources.

In particular, we consider a cloud infrastructure that contains storage resources, with
Nc = 10 capacity resource levels, Sc = {10, 20, . . . , 100} GB, and with different combi-
nations of the available characteristics, with respect to cost and security levels. We also
assume that users specify the required storage capacity in a quantitative manner, while
the other parameters (cost and security) are qualitatively specified using intent values. We
performed a large number of experiments, employing different scenarios for the translation
of intents to resource levels, matching various user intentions. One thing that stands out
is that there is not necessarily a linear relation between the resource levels and the users’
intents. This means for example that an intent level ˆTU1 is not necessarily equal to TU1,
but depends on the user intention or notion of what fast, small, low, etc., means. In what
follows, we consider a single user who issues storage task requests using intents, without
knowledge on the underlying infrastructure.

In the experiments performed initially, we evaluated the Q-Table-based Q-learning
methodology. We assumed resources of different cost resource levels, (i) low resource
granularity (three levels), (ii) moderate resource granularity (five levels), and high resource
granularity (seven levels), while the task requests generated were associated with two intent
levels. The training procedure was executed for more than 10,000 timesteps. The parameters
of Bellman’s Equation were set to α = 0.5, γ = 0.9, and ϵ = 0.5. Figure 4 shows the
evolution of the average reward during the first 1000 timesteps. In every scenario, the
reward grows within the first 100 timesteps and then reaches a steady state, with only
marginal improvements observed until timestep 10,000 (not shown in the figure). This
behavior is expected, given the learning dynamics and the choice of ϵ = 0.5, which implies
that roughly half of the actions are chosen randomly rather than according to the computed
Q-values. A key observation is the influence of the number of cost resource levels on
the learning process: when the number of resource levels increases, the average reward
decreases; conversely, fewer levels lead to higher rewards. The reason is that with fewer
resource levels, the correspondence between intent and resource levels is easier to identify.
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Figure 4. The average reward over time for different cost resource levels.
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Figure 5 illustrates the average reward over time for different values of ϵ ∈
{0.1, 0.2, . . . , 0.9} over 10 k timesteps. The ϵ parameter determines how fast the agent
explores the environment and determines the optimal policy. The figure illustrates that
for ϵ = 0.2, the reward takes the highest value, indicating that this is the optimal value
for the particular problem and the goals that have been set. Another possible strategy is
to dynamically change the value of ϵ, where the strategy can be to initially select a high
ϵ value to allow more exploration and then gradually decrease it in order to exploit the
calculated Q-values.
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Figure 5. The averaged reward over time for varying values of exploration rate ϵ.

Another important aspect we investigated was the results that multiple intent pa-
rameters (e.g., cost, security) showed in the training process (Figure 6). An increased
number of different intents that a user provides in a single task request results in a smaller
average reward and a more gradual increase in its value over time. This complexity stems
from the increased difficulty in correlating an expanding set of intents with the actual,
infrastructure-aware values of the respective resources’ parameters.
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Figure 6. The average reward over time for a different number of intent parameters.
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Next, we considered using neural networks in combination with Q-learning (Deep
Reinforcement Learning) for value approximation in order to access how efficiently the
Q-learning methodology interprets a user’s intentions for its submitted infrastructure-
agnostic requests to specific infrastructure-related decisions. Our experiments focused
on the training phase of the Q-learning mechanism, comparing the Q-learning-based
Reinforcement Learning (RL).

(Q-Table-based Q-learning) and Deep RL-DRL (Q-learning combined with a neural
network) methodologies. In our experiments, reported in Figure 7, we initially assume an
infrastructure with 25 resources, where both methodologies run for 500 episodes. Each
episode comprises a sequence of states, actions, and rewards and concludes upon reaching
a terminal state. As the figure illustrates, in the first 20 episodes, the two methodologies
exhibit almost the same average cumulative rewards. After episode 100, the DRL methodol-
ogy is more effective, yielding better rewards that are even five times higher. These results
illustrate the effectiveness of using neural networks with Q-learning in order to identify a
user’s intent. This is particularly important when the state and action space sizes are large,
which is the case when we have many resources, resource and intent levels and tasks. Also,
the Q-learning mechanism is computationally expensive since it requires a lot of memory to
store the Q-values and a lot of time to fill the Q-Table in comparison to the deep Q-learning
methodology that uses a neural network.
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Figure 7. Q-Table-based Q-learning (RL) vs. Q-learning with a neural network (DRL) methodologies
for 25 resources.

Also, we evaluated the reward achieved for the RL and DRL methodologies with a
different number of resources (Figure 8). In particular, we considered 10, 13, 15, 19 and
25 resources and focused specifically on episode 200, where, in all cases, we observed that
the achieved reward stabilizes. From the figure, we observe that for a small number of
resources, the rewards achieved are comparable, while for a higher number of resources,
the DRL methodology clearly outperforms the RL methodology, indicating its ability to
more efficiently identify a user’s intentions.

We can see the results in Table 1, where it is very clear that the reward in Deep RL is
better than Q-learning for 19 and 25 resources.
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Figure 8. Q-Table-based Q-learning (RL) vs Q-learning with a neural network (DRL) methodologies
for a different number of resources in episode 200.

Table 1. Tabular Q-learning vs Deep (Neural) Network.

Resources Q-Learning Reward Neural Network Reward

10 3 1.5
13 1.5 3.3
15 1.4 3.3
19 2 6
25 2 11

5.1. Baselines and Alternative RL Methods

In addition to comparing tabular Q-learning with a Deep RL variant, it is natural to
consider baseline heuristics and other RL algorithms. A simple greedy allocation strategy,
which always selects the resource that minimizes the immediate intent–resource mismatch,
can serve as a non-learning baseline. Policy-gradient methods such as PPO or DDPG, as
well as multi-agent or hierarchical RL, have been successfully applied in the recent resource
scheduling literature.

Due to hardware and time constraints, we did not include full-scale implementations
of these methods in this study. Nevertheless, we acknowledge their potential advantages
in terms of sample efficiency and scalability, and we plan to incorporate them as additional
baselines in future work.

The experiments were implemented in a custom Gym-based environment. Table 2
summarizes the key hyperparameters and the neural network architecture used in the DRL
approach. In all scenarios, we trained the agents for up to 500 episodes, with the largest
infrastructure configuration including 25 resources. The neural network employed two hid-
den layers with 64 neurons each and ReLU activation functions, while the output layer was
linear. For optimization, we used the Adam algorithm with a learning rate of 0.5, discount
factor γ = 0.9, and fixed exploration probability ϵ = 0.5. These settings were selected to
balance convergence speed and computational tractability on the available hardware.
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Table 2. Hyperparameters and neural network architecture used in the experiments.

Parameter Value

Maximum number of resources 25
Maximum number of episodes 500
Learning rate (α) 0.5
Discount factor (γ) 0.9
Exploration probability (ϵ) 0.5 (fixed)
Optimizer Adam
Loss function Mean Squared Error (MSE)
Hidden layers 2
Neurons per hidden layer 64
Activation functions ReLU (hidden), Linear (output)
Environment tasks 5

5.2. Discussion: Robustness Under Noisy Feedback

An important practical aspect concerns the robustness of the learning process when
user feedback is noisy or delayed. For example, the satisfaction signal may be perturbed
by stochastic noise ϵ ∼ N (0, σ2) or provided with a delay of δ time steps. Such effects can
slow convergence and increase reward variance.

Although a full experimental evaluation of noisy or delayed feedback is left for future
work, preliminary reasoning suggests that Deep RL methods are expected to cope better
with such imperfections compared to tabular Q-learning due to their generalization capacity.
Investigating robustness under realistic QoE measurements will be an important direction
for extending this proof-of-concept study.

Computational note. Although experiments with 10–25 resources may appear small com-
pared to production-scale cloud systems, they were already computationally demanding
on the hardware available to the authors. For example, training with 19 resources required
more hours while training with 25 resources required approximately much more time.
These practical constraints motivated our choice to limit the experimental scale in this study.
Scaling to hundreds or thousands of resources would require a more powerful computing
setup, which we plan to employ in future work.
Remark on experimental realism: It should be noted that our current evaluation relied on a
synthetic Gym-based environment with artificially generated workloads and intents. While
this setup was suitable for validating the proof of concept, it does not fully capture the
complexities of production-scale systems. As part of future work, we plan to incorporate
publicly available workload traces (e.g., the Google cluster trace) to assess the applicability
and robustness of the proposed framework under realistic conditions.

6. Conclusions
We proposed two Q-learning-based approaches to map users’ intentions into resource

allocation decisions in an edge–cloud infrastructure: one leveraging a Q-Table and the other
employing a neural network. The fundamental design elements of both the Reinforcement
Learning (RL) and Deep-RL methodologies were described, including the state space,
S, action space, A, and reward, r. We carried out simulation experiments focusing on
storage requests with specific requirements, in the form of intents, in terms of the data size
(capacity) and also regarding the cost (e.g., how much the user is willing to pay) and the
security needs. The results demonstrate the capability of the proposed methods to perform
infrastructure-agnostic resource allocation effectively in a way that is in accordance to
users’ actual intentions. Additionally, we investigated the impact of varying the number of
resource types (resource levels) and the number of parameters considered (such as cost and
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security) and evaluated the trade-off between executing optimal actions according to the
Q-Table versus exploring alternative actions. Finally, a comparative analysis of the RL and
Deep-RL approaches highlights the superior efficiency of the Deep-RL-based methodology.

Limitations and Future Work

The current evaluation focused on a single-user setting and infrastructures with up to
25 resources. This choice allowed us to validate our methodology in a tractable Gym-based
environment and to isolate the core behaviour of intent-to-resource mapping. Although
10–25 resources may appear small, these experiments were already computationally de-
manding on the hardware available to the authors. For instance, with 19 resources, training
time exceeded several hours, as mentioned, while with 25 resources, it increased to quite a
few hours. Therefore, scaling to hundreds or thousands of resources requires a more pow-
erful computing setup, which we plan to employ in future work. It is worth stressing that
our experimental goal was precisely to demonstrate that even at relatively modest scales,
the neural network-based approach begins to outperform classical tabular Q-learning. This
provides strong evidence that the performance gap will widen further at larger scales,
a hypothesis we intend to validate with stronger hardware and multi-user scenarios in
subsequent studies.
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