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Slicing for AI: An Online Learning Framework for
Network Slicing Supporting AI Services
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Naram Mhaisen , Graduate Student Member, IEEE, Amr Mohamed , Senior Member, IEEE,

and Aiman Erbad , Senior Member, IEEE

Abstract—The forthcoming 6G networks will embrace a new
realm of AI-driven services that requires innovative network slic-
ing strategies, namely slicing for AI, which involves the creation
of customized network slices to meet Quality of Service (QoS)
requirements of diverse AI services. This poses challenges due to
time-varying dynamics of users’ behavior and mobile networks.
Thus, this paper proposes an online learning framework to
determine the allocation of computational and communication
resources to AI services, to optimize their accuracy as one of
their unique key performance indicators (KPIs), while abiding
by resources, learning latency, and cost constraints. We define
a problem of optimizing the total accuracy while balancing
conflicting KPIs, prove its NP-hardness, and propose an online
learning framework for solving it in dynamic environments. We
present a basic online solution and two variations employing
a pre-learning elimination method for reducing the decision
space to expedite the learning. Furthermore, we propose a
biased decision space subset selection by incorporating prior
knowledge to enhance the learning speed without compromising
performance and present two alternatives of handling the selected
subset. Our results depict the efficiency of the proposed solutions
in converging to the optimal decisions, while reducing decision
space and improving time complexity. Additionally, our solution
outperforms State-of-the-Art techniques in adapting to diverse
environmental dynamics and excels under varying levels of
resource availability.

Index Terms—Network slicing, online learning, resource
allocation, 6G networks, optimization.

I. INTRODUCTION

IT IS anticipated that the 6G networks will have the
capability to cater to an array of services, each with distinct

Quality of Service (QoS) specifications. Such services may
include multisensory extended reality, autonomous driving,
and hologram video streaming. To ensure diversity in services,
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similar to the 5G networks, network slicing is employed to cre-
ate multiple slices for various services over a shared physical
network infrastructure. An economical management strategy
for network slicing can enable the fulfillment of QoS require-
ments throughout the different phases of the lifecycle, such as
preparation, planning, and scheduling [1]. Additionally, newly
emerging technologies for 6G networks such as the Open
Radio Access Network (O-RAN) architecture will allow the
integration of native Artificial intelligence (AI) solutions to
accommodate heterogeneous service deployments [2], [3], [4].
In this context, AI will become omnipresent in 6G networks,
meaning that it will penetrate every aspect of the network,
creating a state of ubiquitous intelligence. Network nodes will
possess in-built AI capabilities, not only allowing for intelli-
gent network management but also promoting the growth of
AI-based services, such as machine learning, natural language
processing, and computer vision.

To fulfil diverse requirements of different AI services, it
is important to implement customized network slices, namely
slicing for AI. This approach allows for the creation of tailored
network slices that can cater to the distinct requirements
of various AI services (i.e., accuracy, learning speed, etc.),
thereby optimizing the network’s overall performance [5].
Indeed, slicing for AI refers to the creation of network
slices with customized resources to meet QoS requirements of
diverse AI services. Hence, it can play a crucial role in the
process of dynamically distributing and assigning resources
in meta learning systems by allocating resources such as
computation power, memory, and data samples efficiently
and effectively to improve the learning process and overall
performance of the meta learning algorithms. However, this
problem is challenging due to the dynamics of diverse learning
algorithms and mobile networks. For example, the quality
and distribution of acquired data are time-varying and heavily
affect the performance of AI services. Hence, novel solutions
are needed to adapt to such non-stationary dynamics. Thus,
this paper aims to optimize the decision-making process by
proposing online learning techniques [6] that continuously
observe the system’s performance without prior knowledge of
the expected behavior.

Several works have addressed the problem of network
slicing in 5G and beyond networks to support the het-
erogeneous requirements of various conventional vertical
services, such as ultra-reliable low-latency communication
(URLLC), enhanced mobile Broadband (eMBB), and massive
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machine-type communication (mMTC) [7], [8], [9], [10], [11].
However, few works considered the problem of slicing for
AI. Most of the proposed solutions in this context leveraged
offline classical optimization and reinforcement learning (RL)
techniques. Classical optimization approaches assume full
knowledge about the behavior of the environment while lever-
aging mathematical formulations to model different objectives
and constraints. However, such an assumption may be imprac-
tical with some services and mobile network systems, which
are highly dynamic and time-variant. On the contrary, RL
approaches aim to learn a policy in a stateful system by map-
ping between states and actions. These approaches consider
an environment that is stationary (i.e., behaving according to
a non-varying distribution). Also, classical optimization and
the training phase of RL are usually performed in an offline
manner on an available dataset/environment. Nonetheless, an
offline approach may fail in adapting to dynamic/time-varying
systems. Thus, in this paper, we propose an online learning
framework to address the problem of slicing for AI. The
proposed framework can adapt to different system dynamics
and uncertainty with regret guarantees. The main contributions
of this paper are as follows:

• We formulate the problem of slicing for AI services
as an optimization problem with the objective of
maximizing performance, which turns out to be
NP-hard.

• We introduce an online learning framework and propose
a basic online solution to solve the formulated problem.
We propose two alternatives of the solution where each
adopts a pre-learning decision space reduction process to
expedite the learning. The first alternative merges similar
decisions to obtain a compact structure of the decision
space, while the second builds upon the obtained compact
structure and identifies candidates of the optimal decision
to optimize the size of the action space.

• We propose a subset selection of the original decision
space with prior knowledge to accelerate the convergence
of the solution. We consider two alternative approaches
of manipulating the solution by biasing the selected
subset.

• We assess the solution’s performance by comparing it
to optimal allocation and fixed allocation benchmarks,
demonstrating its ability to converge towards optimal
resource allocation. We examine the complexity and
convergence of the proposed alternative online solutions.
Furthermore, we compare between the trade-offs of the
two biased subset selection approaches. Additionally, we
assess the adaptability of our solution under diverse
environmental dynamics, comparing its performance to
State-of-the-Art approaches while also accounting for
varying levels of resource availability.

The rest of the paper is organized as follows. We present
some related work in Section II. Section III introduces
the system model and the formulation of the problem as
an optimization problem. Section IV presents the proposed
solutions and modelling the problem into an online learning
framework. Section V evaluates the performance of the solu-
tion. Finally, we conclude the paper in Section VI.

II. RELATED WORK

In this section, we review the existing literature on
network slicing solutions for 5G and beyond, focusing
on diverse approaches such as optimization, RL, online
learning, and hybrid methodologies that combine multiple
techniques [12].

Optimization-based solutions: Several studies have tackled
the issue of network slicing and resource allocation using tradi-
tional optimization techniques [9], [13], [14], [15], [16], [17],
[18]. For instance, the authors in [9] addressed the problem of
allocating base-band resources for diverse slices in an O-RAN
system, while considering the diverse requirements of eMBB,
URLLC, and mMTC services. They formulated this problem
as a mixed-integer non-linear programming problem and
proposed a service-aware solution through a two-step iterative
heuristic algorithm. Similarly, in [15], the authors modeled
their resource allocation problem as a mixed-integer non-linear
programming problem and suggested approximation-based
methods. The authors of [16] introduced an Integer Linear
Programming algorithm to solve their formulated slicing
problem. Optimization-based solutions rely on precise mathe-
matical models and, although capable of achieving optimal or
near-optimal solutions, they often face practical limitations due
to the dynamic nature of mobile networks. Consequently, any
changes in the network environment necessitate re-executing
the optimization process to obtain new optimal solutions. In
some cases, even the underlying mathematical model requires
recalibration, resulting in computational overhead and hinders
the practicality of the solution.

RL-based solutions: To overcome the limitations of clas-
sical optimization solutions, emerging studies have employed
classical RL [10], [19], [20], [21] and Deep RL (DRL)
techniques for network slicing utilizing deep learning [7], [8],
[22], [23], [24], [25], [26], [27], [28], [29]. For instance,
the authors in [10] introduced a multi-agent reinforcement
learning (MARL) framework called VERA, which leverages
SARSA to achieve a fair and Pareto-efficient allocation of
computational and network resources among competing users’
applications and virtual RAN (vRAN) services at the edge.
The work in [19] presented a MARL framework employ-
ing Q-Learning for radio resource slicing in 5G networks.
Additionally, [20] explored three distinct solutions using the
Upper Confidence Bound (UCB) algorithm for network slicing
in LoRaWAN networks. Furthermore, [21] utilized Thompson
Sampling (TS) to optimize RAN slicing, aiming to minimize
energy consumption while enhancing user quality of service.
Other works, such as [8], [23], addressed the problem of RAN
slicing in 6G networks by proposing a Federated DRL (FDRL)
and a DRL based solution respectively. The authors in [25]
proposed a DRL solution to the problem of resource alloca-
tion of eMBB and URLLC slices, subject to URLLC delay
requirements and eMBB data rate requirements. Other network
slicing problems such as RAN slice admission and placement,
and slice reconfiguration has been addressed by [26], [27] with
a DRL-based solution.

Although RL-based solutions have the advantage of adapt-
ability to stationary system dynamics and the ability to
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maximize system rewards through policy learning, they often
assume a non-varying stochastic environment, which can pose
challenges when attempting to adapt to unforeseen changes in
the system.

Online learning-based solutions: In contrast to classical
optimization and RL methods, online learning approaches
offer the advantage of adaptability to non-stationary system
dynamics and unforeseen events. However, only a limited
number of studies have applied online learning in the con-
text of network slicing [7], [30]. For instance, the work
in [7] incorporated online learning in solving its formulated
Software-Defined Network (SDN) radio resource allocation
problem. The objective of this work was to maximize the total
achievable data rate of eMBB and URLLC end-users associ-
ated with all gNodeBs while adapting to user dynamics. The
work in [30] addressed the problem of resource reservation by
service providers, which is closely related to network slicing
problems. The authors proposed a framework based on online
convex optimization for effective resource reservation while
maximizing the services’ performance, constrained to a time-
average budget constraint, considering a time-varying service
demand and slice pricing.

Slicing for AI: While there have been several studies
focusing on network slicing for conventional services, the
number of works addressing the network slicing problem
for AI-based services is comparatively limited [13], [14],
[15], [16]. For example, the authors in [13] tackled the
challenge of joint bandwidth allocation and user scheduling
for federated edge learning. Their objective was to reduce
energy consumption while ensuring a guaranteed learning
speed. Additionally, in [14], the authors addressed the resource
allocation problem for distributed machine learning (ML)
application considering both edge and cloud resources in terms
of computational performance and cost. In [16], the authors
focused on joint AI service placement and resource allocation
in mobile edge system, while minimizing computation time
and energy consumption. While these works contribute to
resource allocation for AI services, none of them consider
the joint allocation of resources and tuning of the underlying
AI models’ variables, such as the learning parameters (e.g.,
number of epochs) and training data size.

Novelty. Our work is the first to tackle the challenges of slic-
ing for AI through the utilization of online learning techniques.
The proposed framework aims to optimize the performance
of various AI services while effectively adapting to dynamic
system conditions and unexpected events. Moreover, unlike
other studies, we consider the joint allocation of computational
and communication resources for different AI models along
with hyper-parameter tuning of these models.

III. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we describe the considered system architec-
ture, highlight the main functions constituting an AI service,
discuss the key performance metrics that will be tackled for
different AI services, and present the formulated accuracy
maximization problem.

TABLE I
KEY NOTATIONS

A. System Architecture

We denote sets with calligraphic capital letters, e.g., A, and
vectors with bold small letters, e.g., a . We use the superscript
(t) to indicate the dependence on a time slot, e.g., a(t),
and subscripts to represent the correspondence to an indexed
element. For example, to denote the j-th element of the set
A = {a1,a2, . . . ,aJ } we write a j , and to denote a parameter
that corresponds to the i-th element of a j we write Li ,j . To
represent a sequence of vectors from slot t = 1 to slot T we
write {a(t)}Tt=1. We present the key notation in Table I.

The considered system model is depicted in Figure 1, which
is adapted from [10] and aligns with the O-RAN framework
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Fig. 1. System model under study.

specifications [2]. The system supports conventional services,
such as enhanced mobile broadband (eMBB) and ultra-reliable
low-latency communication (URLLC), AI services, such as
pandemic detection and object detection for autonomous
driving services, and virtualized RAN (vRAN) functions, such
as central unit (CU) and distributed unit (DU). Such services
and functions coexist within an edge computing platform
and compete over a shared pool of virtualized CPU (vCPU)
resources (i.e., computing resources) managed by a CPU
scheduler, as well as communication resources. In this work,
we specifically focus on slicing for AI services, assuming
long-term isolation between AI services and other types of
services. We consider the joint allocation of virtual resources
to AI services represented by a set of underlying AI models,
I = {1, 2, 3, . . . , I }, and the tuning of some of the AI models
parameters to perform AI model training. The system is time-
slotted and consists of T time slots, t ∈ T = {1, 2, . . . ,T}.
The online optimization controller running within the Service
Management & Orchestration (SMO) platform, represents a
learner whose function is to control the allocation of resources
and the tuning of the AI models parameters. The learner
allocates computing and communication resources to the AI
services through interaction with the virtual infrastructure
manager (VIM), and the O-RAN intelligent controllers (RICs)
respectively. It also tunes the AI models parameters through
interacting with the AI services controllers. Specifically, the
learner selects a sequence of actions {a(t)}Tt=1 corresponding
to allocation decisions from a finite convex set of deci-
sions/actions A at the beginning of each slot t, which results in
a sequence of convex performance functions {f (t)(a(t))}Tt=1
that are only known at the end of t.

B. Key Performance Metrics

AI services, which comprise different functions supporting
the continuous training and deployment of underlying AI
models, exhibit their unique KPIs, including: learning speed,
learning latency, and accuracy. The life cycle of an AI service

can be divided into three primary phases or functions [5],
which are:

Data aggregation and data pre-processing: It involves
collecting the user data necessary for training the learning
model. The main resources in demand for this phase are
communication resources. It is integral to jointly allocate the
communication resources needed to serve this function and the
computing resources needed to serve model training of each
AI model, while fulfilling an allowable maximum learning
latency requirement.

Model training: This phase is usually computationally
intensive especially for complex AI models, and it depends
on: the size of the training data, and the number of epochs.
Tuning these two hyper-parameters for each AI model affects
the computational demand as well as the performance of the
trained model in terms of inference accuracy.

Model inference: The performance of model inference is
a crucial factor in obtaining the ideal allocation of resources
and tuning of hyper-parameters for AI model training. If
the AI model exhibits a low performance/accuracy, resource
re-allocation and re-tuning of hyper-parameters may be nec-
essary. By adjusting the resources allocated and tuning the
hyper-parameters to perform AI model training functions, the
AI model can be optimized to perform better while still
maintaining the coexistence of multiple services/AI models on
the same platform.

Learning accuracy and learning latency are two essential
performance metrics for any AI model i ∈ I that depend on:
1) the allocated computational and communication resources
at the t-th time slot denoted by ψ

(t)
i and λ

(t)
i respectively,

2) the tuning of the two AI model training hyper-parameters,
data size and number of epochs, at the t-th time slot which
we denote by L

(t)
i and m

(t)
i respectively:

Learning latency: is defined as the total delay to fully train
an AI model [31], which consists of: the communication delay
of acquiring data from different users/locations dcomm, and
the processing delay for completing the model training dproc.
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Therefore, the learning latency experienced by an AI model
i ∈ I at the t-th slot is defined as:

D(L
(t)
i ,m

(t)
i , ψ

(t)
i , λ

(t)
i ) = dcomm(L

(t)
i , λ

(t)
i )

+dproc(L
(t)
i ,m

(t)
i , ψ

(t)
i ), (1)

The communication delay at the t-th slot is defined as the time
taken to transmit the acquired data of size L

(t)
i from different

locations to the designated server with the allocated data rate
λ
(t)
i . It is expressed as:

dcomm(L
(t)
i , λ

(t)
i ) =

L
(t)
i

λ
(t)
i

+ ε, (2)

where ε is the channel access delay [32]. The processing delay
of training an AI model i at the t-th slot is given by [31]:

dproc(L
(t)
i ,m

(t)
i , ψ

(t)
i ) = m

(t)
i × (

φiL
(t)
i

ψ
(t)
i

), (3)

where m
(t)
i is the number of epochs, φi is the CPU cycles

required to compute one sample of data, representing the
model’s computational complexity, and ψ

(t)
i is the CPU

frequency allocated to service i (i.e., computing resources).
We remark that the allocated CPU, ψ(t)

i , and data rate, λ(t)i ,
allow a degree of freedom with respect to the trade-off between
the training latency and cost. In other words, allocating more
resources would reduce the training latency, however, it would
entail a higher cost.

Learning accuracy: is defined as the inference (or
prediction) result on input data compared against the true
values, which directly reflects the quality of the training. We
denote the inference accuracy of a model i ∈ I that has
completed the training phase at slot t as q

(t)
i (L

(t)
i ,m

(t)
i ) ∈

[0, 1]. This accuracy depends on: 1) the size of the acquired
data L

(t)
i , 2) the quality of the data, 3) the distribution of

the training and inference data, 4) the number of epochs
m

(t)
i adopted to train the model, 5) and the service provider’s

decision regarding the method of training their AI model.
Some methods of training AI models are explained in [33]:
1) full retraining: involves periodic retraining of the model
from scratch whenever a certain size of new data is available,
2) online training: the model is initially trained and a mini-
batch iteration is triggered once a new batch is available,
3) proactive training: a training iteration over an initially
trained model is triggered when a specified number of new
elements is available.

C. Problem Formulation

The objective of our slicing for AI problem is to
continuously train multiple AI models, i ∈ I, cor-
responding to different AI services. The goal is to
determine the resource allocation that maximizes the col-
lective performance of these models while satisfying the
diverse requirements of the services at each time slot t.
To streamline presentation, we introduce the vector a(t) =

(L
(t)
1 ,m

(t)
1 , ψ

(t)
1 , λ

(t)
1 , . . . ,L

(t)
I ,m

(t)
I , ψ

(t)
I , λ

(t)
I ), that deter-

mines the allocation decision at the beginning of the t-th slot,
where I is the cardinality of I. We define the performance
function of the system as the normalized weighted summation
of all AI model accuracies at the end of slot t:

f (t)(a(t)) =

∑I
i αi · q

(t)
i (L

(t)
i ,m

(t)
i )

∑I
i=1 αi

, (4)

where each AI model is associated with a fixed weighting
coefficient αi that determines the relative priority of the
service. We remark that this type of problems is considered
a bandit problem where the observed system performance
feedback is only limited to the selected decision a(t).

The challenge in the formulated problem is that f (t)(a)

for any a ∈ A depends on q
(t)
i for each i ∈ I, which is

initially unknown when the allocation decision is determined
at beginning of t. Additionally, the accuracy q

(t)
i of an AI

model i could adversarially change for the same pair of Li

and mi according to some of the various previously mentioned
factors as well as the availability of the training data (i.e., the
observed system performance can unpredictably change from
one time slot to another [34]). In such an online system, the
learner selects the allocation decision, a(t), at the beginning
of slot t based on the preceding sequence of performance func-
tions {f (τ)(a(τ))}t−1

τ=1 (i.e., based on available information up
to slot t − 1). Hence, in order to evaluate the performance
of the online policy, we need to compare it against the
system performance corresponding to the optimal allocation
decision a� = (L�1,m

�
1 , ψ

�
1 , λ

�
1, . . . ,L

�
I ,m

�
I , ψ

�
I , λ

�
I ), which is

the solution to the following optimization problem with the
objective to maximize the system performance:

P: max
a∈A

T∑

t=1

f (t)(a) (5)

subject to
I∑

i=1

ψi ≤ Ψmax (6)

I∑

i=1

λi ≤ Λmax (7)

D(Li ,mi , ψi , λi ) ≤ Dmaxi , ∀i ∈ I (8)

C (ψi , λi ) ≤ Cmaxi , ∀i ∈ I (9)

Lmini ≤ Li ≤ Lmaxi , ∀i ∈ I (10)

mmini ≤ mi ≤ mmaxi , ∀i ∈ I (11)

The constraints in (6) and (7) ensure that the summation of
the allocated resources for all i ∈ I does not exceed the maxi-
mum available computing resources Ψmax and communication
resources Λmax. The Constraints in (8) and (9) respectively
represent the maximum allowable learning latency Dmaxi and
cost Cmaxi to train the AI model i. Herein, the learning cost

at the t-th slot, C (ψ
(t)
i , λ

(t)
i ), is defined as the sum of the cost

of allocated resources:

C (ψ
(t)
i , λ

(t)
i ) = cψ · ψ(t)

i + cλ · λ(t)i , (12)
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where cψ is the cost per computing unit and cλ is the
cost per unit of data rate. The allowable range of the data
size (i.e., [Lmini ,Lmaxi ]) and the number of epochs (i.e.,
[mmini ,mmaxi ]) to train each AI model i is respectively given
by constraints (10) and (11).

It is clear that a� = argmaxa∈A
∑T

t=1f
(t)(a) is a hypo-

thetical solution that can only be determined with hindsight
(i.e., to devise such a decision, knowledge about the sequence
of all future performance functions {f (t)(a)}Tt=1 is required)
and we compare it with the online policy according to the
selected a(t) at every t using the regret metric:

RT =

T∑

t=1

f (t)(a�)−
T∑

t=1

f (t)(a(t)), (13)

which measures the loss accumulated across time as a result
of not choosing the optimal action, a�, at each slot t. The
goal of an online policy is to achieve a sub-linear regret,
RT = O(

√
T ), such that the loss decreases as T grows,

limT→∞ RT
T = 0. A diminishing regret indicates that the

online decisions are achieving a performance identical to that
of the optimal action in hindsight.

The formulated problem depends on multiple integer vari-
ables (i.e., (Li ,mi , ψi , λi ) ∀i ∈ I) and hence it is a
combinatorial optimization problem which can not be easily
tackled with conventional optimization techniques. We prove
the NP-hardness of the problem in the following Lemma.

Lemma 1: The slicing for AI problem formulated in P is
NP-hard problem.

Proof: See the Appendix

IV. PROPOSED SOLUTIONS OF THE SLICING

FOR AI PROBLEM

This section presents an online learning framework to solve
the problem in P, illustrated in Figure 2. At each time slot t,
the online optimization controller makes an allocation deci-
sion, a(t), for AI model deployment requests. A performance
monitoring module tracks model performance and provides
feedback, f (t)(a(t)), to guide the next decision at time t + 1

To address problem P, we propose Online Learning for
Slicing (OLS) as a basic solution, along with two variants
to optimize the decision space: OLS with Super Actions
(OLS-SA) and OLS with Reduced Super Actions (OLS-RSA).
These algorithms consist of two phases: 1) a pre-learning
phase for decision space preprocessing, and 2) a learning
phase based on the EXP3 algorithm [6], which adapts to
dynamic AI model behaviors without assuming a specific
distribution. Each algorithm builds upon the pre-learning phase
of the others. The details are provided in Section IV-A. To
accelerate learning, we propose biased subset selection using
prior knowledge, with two methods: Strictly Biased Selection
(SBS) and Gaussian Biased Selection (GBS), discussed in
Section IV-B.

A. Online Learning Solution

Now we will present the different variants of our online
learning solution.

Fig. 2. The online learning framework, representing the interaction between
the online optimization controller and a performance monitoring module.

Algorithm 1 Online Learning for Slicing (OLS)
1: Input: cψ , cλ, Ψmax, Λmax, Dmaxi , Cmaxi , Lmini ,

Lmaxi , mmini , mmaxi

2: Initialize: η ∈ (0, 1), w (1) = (1/J , ..., 1/J ), empty set
S̃ , empty set of feasible actions AOLS

3: Determine a set O of all possible hyper-parameters com-
binations for each AI model i ∈ I

4: Determine a set S of all possible resources combinations
for each AI model i ∈ I

5: for each s ∈ S do
6: if constraints (6), (7), and (9) are satisfied then
7: store s in feasible combinations set S̃
8: end if
9: end for

10: for each o ∈ O do
11: for each s ∈ S̃ do
12: if constraint (8) is satisfied then
13: store the combination in AOLS
14: end if
15: end for
16: end for
17: for t = 1,2,...,T do
18: choose action a(t) from AOLS according to w (t)

19: receive loss, y(t)
j (t)

∈ [0, 1], such that j (t) =̂ a(t)

20: update

21: w̃j (t) = w
(t)

j (t)
e
−ηy(t)

j(t)
/w

(t)

j(t)

22: for k ∈ AOLS, k �= j (t), w̃k = w
(t)
k

23: ∀k ,w (t+1)
k = w̃k∑

k w̃k

24: end for
25: Output: L

(t)
i ,m

(t)
i , ψ

(t)
i , λ

(t)
i ∀i ∈ I

1) Online Learning for Slicing: OLS sets the base for
our online learning solution, with the main steps outlined in
Algorithm 1. The pre-learning phase preprocesses the decision
space, eliminating infeasible actions that violate constraints.
This involves discretizing decision variables for each AI model
i such that: Li ∈ [Lmini ,Lmaxi ], mi ∈ [mmini ,mmaxi ],
ψi ∈ (0,Ψmax], and λi ∈ (0,Λmax]. A set O of all
possible hyper-parameter combinations for all i ∈ I is
determined. Each element o ∈ O represents a combination
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vector o = (L1,m1,L2,m2, . . . ,LI ,mI ). Similarly, a set S
of all possible resource combinations is formed, where each
element s = (ψ1, λ1, ψ2, λ2, . . . , ψI , λI ). To tackle infeasi-
ble decisions, only feasible combinations s ∈ S satisfying
constraints (6), (7), and (9) are stored in S̃ . Then, each
combination of o ∈ O and s ∈ S̃ is checked for satisfying the
delay constraint (8). Valid combinations form the allocation
decision vector a = (L1,m1, ψ1, λ1, . . . ,LI ,mI , ψI , λI ),
which is stored in the set of feasible decisions AOLS for the
learning phase (lines 17 to 24).

In the learning phase, at each t, the learner selects a decision
a(t) from AOLS according to a probability vector w (t),
representing the probability of a decision being close to the
optimal decision a�. Initially, w (1) is a uniform distribution,
w (1) = (1/J , . . . , 1/J ), such that J = |AOLS|. Based on the
selected decision the learner observes the loss y

(t)

j (t)
∈ [0, 1]J

corresponding to system performance and given by:

y
(t)

j (t)
= 1− f (t)(a(t)), (14)

such that j (t) corresponds to the index of the selected decision,
a(t), where =̂, describes this correspondence.

The loss is integrated into updating w (t), where the
learner constructs the updated vector w (t+1) for the next
time step. The update depends on the learning rate η ∈
(0, 1), which controls the exploration-exploitation trade-off.
Over time, the optimization controller learns to increase the
probability of favorable actions and reduce the likelihood of
less effective ones. As time progresses, the learner converges
to the optimal allocation of resources, a�, using historical
performance feedback. Since some decision variables (e.g.,
λi , ψi ) are constraints rather than objectives, this provides
a degree of freedom in terms of the trade-off between cost
and learning latency of an AI model. Consequently, multiple
actions may yield the same system performance, allowing the
learner to identify a subset of optimal allocation decisions of
size K, {a�1,a�2, . . . ,a�K } ⊂ AOLS, sharing the same hyper-
parameter combination o ∈ O, rather than a single optimal
decision.

The time complexity of the pre-learning phase involves
two steps: 1) checking the feasibility of each s ∈ S , and
2) checking the feasibility of each o ∈ O with each s ∈ S̃ .
Since |O||S̃| � |S|, the time complexity of the pre-learning
phase is TPL(OLS) = O(|O||S̃|). The learning phase involves
updating w (t) for each a ∈ AOLS at each time step t, resulting
in a complexity of TL(OLS) = O(|AOLS|T ). Therefore, the
cumulative time complexity is: Tcum(OLS) = TPL(OLS) +
TL(OLS).

2) Online Learning for Slicing With Super Actions: The
OLS-SA algorithm combines decisions with the same objec-
tive to create a compact decision space. It extends the OLS
pre-learning phase by defining super actions, which group sub-
actions that share the same combination o ∈ O. The steps of
OLS-SA are outlined in Algorithm 2.

In Algorithm 2, the pre-learning phase begins by determin-
ing the feasible resource set S̃ based on cost and resource
constraints. For each o ∈ O, a super action set, BSAo

,
is created. Each combination of o ∈ O and s ∈ S̃ is

Algorithm 2 Online Learning for Slicing With Super Actions
(OLS-SA)

1: Input: cψ , cλ, Ψmax, Λmax, Dmaxi, Cmaxi, Lmini, Lmaxi,
mmini, mmaxi

2: Initialize: an empty set of super actions subsets
AOLS−SA

3: Run algorithm 1 from line 2 to line 9
4: for each o ∈ O do
5: construct an empty super action set BSAo

6: for each s ∈ S̃ do
7: if constraint (8) is satisfied then
8: store the combination in BSAo

9: end if
10: end for
11: if BSAo

consists feasible sub actions then
12: store BSAo

in AOLS−SA
13: end if
14: end for
15: Run the learning phase of Algorithm 1 from line 17 until

line 24 to determine the selected super action at the t-th
slot B(t)

SAo

16: Choose a sub action a(t) from B(t)
SAo

at random

17: Output: L
(t)
i ,m

(t)
i , ψ

(t)
i , λ

(t)
i ∀i ∈ I

evaluated against the learning latency constraint, and feasible
combinations are represented as vectors a within BSAo .
Consequently, all a ∈ BSAo exhibit the same performance
while differing in communication and computation resources.
If BSAo

is non-empty, it is added to the set of super actions,
AOLS−SA. During the learning phase, at each slot t, a super

action B(t)
SAo

is selected, and a specific allocation decision

a(t) ∈ B(t)
SAo

is chosen randomly. The probability vector w (t)

is updated based on the selected super action. Over time,
the learner identifies the optimal super action set, B�SAo

=
{a�1,a�2, . . . ,a�K }, which includes the K optimal allocation
decisions identified by the OLS algorithm.

The concept of super actions reduces the size of the
decision space for the learning phase in OLS-SA, thereby
improving cumulative time complexity. The pre-learning phase
involves: 1) Identifying feasible decisions, and 2) Grouping
similar decisions into super actions. Since combining decisions
introduces minimal overhead, the pre-learning phase has a
complexity of TPL(OLS− SA) = O(|O||S̃|). The learning
phase complexity is TL(OLS− SA) = O(|AOLS−SA|T ),
giving a cumulative complexity of Tcum(OLS− SA) =
TPL(OLS− SA)+TL(OLS− SA). Since |AOLS−SA| repre-
senting the number of super actions, is smaller than |AOLS|,
it follows that, Tcum(OLS− SA) < Tcum(OLS).

3) Online Learning for Slicing With Reduced Super
Actions: The OLS-RSA algorithm leverages the ML principle
that increasing epochs and data size improves AI model accu-
racy. It reduces the decision space by identifying candidate
super actions with hyper-parameters having the highest epochs
and/or training data size. For example, the three candidate
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Algorithm 3 Online Learning for Slicing With Reduced Super
Actions (OLS-RSA)

1: Input: cψ , cλ, Ψmax, Λmax, Dmaxi , Cmaxi , Lmini ,
Lmaxi , mmini , mmaxi

2: Initialize an empty set AOLS−RSA to store candidates of
the optimal super action

3: Run algorithm 1 from line 2 to line 9
4: for each o ∈ O do
5: Run Algorithm 2 form line 8 to line 10
6: if BSAo

consists feasible sub actions then
7: if AOLS−RSA is empty then
8: store BSAo

in AOLS−RSA
9: end if

10: copy AOLS−RSA into the set Ã
11: for each B̃SAo

∈ Ã do
12: check for candidacy of the super action BSAo

over B̃SAo
according to criteria 1

13: store the super actions B̃SAo
with overtook

candidacy in the set R
14: check for candidacy of BSAo

according to
criteria 2

15: if candidacy is confirmed then
16: Set BSAo

isCandidate = True
17: end if
18: end for
19: if BSAo

isCandidate then
20: store in the set Ã
21: update: AOLS−RSA = Ã − R
22: end if
23: end if
24: end for
25: Run the learning phase of Algorithm 1 from line 17 until

line 24 to determine the selected super action at the t-th
slot B(t)

SAo

26: Choose a sub action a(t) from B(t)
SAo

at random

27: Output: L
(t)
i ,m

(t)
i , ψ

(t)
i , λ

(t)
i ∀i ∈ I

optimal super actions BSA1
, BSA2

, and BSA3
respectively rep-

resented as (L1,1,m1,1,L2,1,m2,1), (L1,2,m1,2,L2,2,m2,2),
and (L1,3,m1,3,L2,3,m2,3), where L1,1 > L1,2 > L1,3,
m1,1 < m1,2 < m1,3, L2,1 = L2,2 = L2,3, and m2,1 =
m2,2 = m2,3, exhibit a trade-off between higher epochs
against a larger data size for AI model 1. Accordingly, OLS-
RSA extends OLS-SA’s pre-learning phase to identify the
super actions that possesses such a trade-off, eliminating non-
candidates to optimize the decision space, hence the name
“Reduced Super Actions”.

Algorithm 3 begins by identifying the feasible resource
combinations S̃ . For each o ∈ O, feasible combinations with
s ∈ S̃ are grouped into the super action set BSAo . The first
feasible super action is added to the initially empty decision
space AOLS−RSA. In subsequent iterations, AOLS−RSA is
copied to an intermediary set Ã for optimal super action can-
didacy checking. Given (L1,m1, . . . ,LI ,mI ), corresponding
to BSAo

and, (L̃1, m̃1, . . . , L̃I , m̃I ), corresponding to a

previously stored super action B̃SAo
∈ Ã, candidacy checking

is conducted based on two criteria: 1) Criteria 1: BSAo
overtakes the candidacy of a previously stored super action
B̃SAo if Li ≥ L̃i and mi ≥ m̃i for all i ∈ I. Subsequently,
BSAo

is marked as a candidate by the flag isCandidate, while
all B̃SAo

∈ Ã with overtook candidacy are added to the set
R for elimination. 2) Criteria 2: BSAo

is a new candidate
marked by the flag isCandidate if Li > L̃i & mi < m̃i

or Li ≤ L̃i & mi > m̃i , for any i ∈ I. Super actions
marked as candidates are added to Ã, and overtaken candidates
are removed by updating AOLS−RSA = Ã − R. Finally,
the learning phase is executed as explained in the OLS-SA
algorithm to obtain B(t)

SAo
then a(t) ∈ B(t)

SAo
. over time, the

learner identifies the same optimal super action consisting the
optimal allocation decisions identified by the OLS-SA and
OLS algorithms, B�SAo

= {a�1,a�2, . . . ,a�K }.
The time complexity of the pre-learning phase

TPL(OLS− RSA) involves three main steps: 1) Identifying
feasible decisions, 2) Grouping similar decisions into super
actions, 3) Determining optimal super action candidates.
The third step, candidacy checking, requires comparing each
new feasible super action, BSAo

, with existing candidates
and eliminating those with overtaken candidacy. This third
step introduces significant initial overhead compared to the
pre-learning phases of OLS and OLS-SA. The learning
phase complexity is TL(OLS− RSA) = O(|AOLS−RSA|T ),
leading to a cumulative complexity of Tcum(OLS− RSA) =
TPL(OLS− RSA) + TL(OLS− RSA). Although the pre-
learning phase of OLS-RSA has the highest initial complexity,
the reduced size of the decision space (|AOLS−RSA| <
|AOLS−SA|) ensures that, as T → ∞, the learning
phase complexity becomes the lowest. Thus. over time,
the overall complexity of OLS-RSA is the smallest:
Tcum(OLS− RSA) < Tcum(OLS− SA) < Tcum(OLS).

B. Biased Action Space Subset Selection

The learning phases of OLS, OLS-SA, and OLS-RSA
guarantee an upper regret bound for the accumulated loss over
T time slots which is given by [6, Corollary 4.2]:

RT ≤ log(J )

η
+ ηJT , (15)

Ideally, in a highly adversarial environment, we are interested
in the optimal (i.e., smallest) upper regret bound. This is
achieved at the optimal η given by [6]:

ηop =
√

log(J )/(JT ) (16)

The learning phase typically initializes w (1) uniformly
across all actions or super actions in the decision space.
However, if prior experience indicates that the optimal
action/super action likely lies within a specific subset, it is
beneficial to bias the initial probability distribution toward
that subset. This subset can be identified based on previous
resource allocation tasks, utilizing knowledge of hyper-
parameter combinations that historically maximized system
performance. To achieve this, we propose two methods for
initializing the probability vector, centering it around a subset
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Fig. 3. A representation of different initial probability distribution schemes.

of actions ordered by increasing hyper-parameter combinations
for each i ∈ I.

1) Strictly Biased Subset (SBS): We consider a subset of
actions of size J ′ < J over which the initial probability is
uniformly distributed, such that J = |A|. The probability for
each action in this subset is 1/J ′, while the probability for
the remaining actions is zero, hence the term “Strictly Biased
Subset”. This leads to a redefined upper regret bound from
equation (15) as:

R′
T ≤ log(J ′)

η
+ ηJ ′T , (17)

therefore, the optimal learning rate η′op for a highly adversarial
environment is redefined as:

η′op =
√

log(J ′)/(J ′T ) (18)

Thus, a smaller subset of size J ′ < J , results in a lower
R′
T < RT and a larger η′op > ηop.
2) Gaussian Biased Subset (GBS): Identifying a strictly

biased subset from prior knowledge excludes the possibility
of selecting actions outside this subset by assigning zero
probability to them. However, this approach risks missing the
optimal action if it is not included in the subset. Such scenarios
can arise due to the distinct learning behaviors of different AI
models, where hyper-parameter combinations effective in one
resource allocation task may not generalize well to others.

To address this limitation, we propose a Gaussian-based
biased selection. Instead of assigning zero probability to
actions outside the identified subset, the initial probability
distribution is shaped by a Gaussian function, concentrating
probabilities around a specific subset while retaining non-
zero probabilities for other actions. This ensures flexibility in
exploring actions outside the subset. The Gaussian distribution
is characterized by its mean μ and standard deviation σ (see
Figure 3). The proximity of μ to the optimal action determines
the accuracy of subset identification, while σ controls the
distribution’s spread, influencing the extent of exploration
beyond the subset. Notably, the proximity of actions refers to
their relative positions in the action space.

TABLE II
COEFFICIENTS OF THE CONSIDERED DL MODELS

V. PERFORMANCE EVALUATION

In this section, we will present the considered experimental
setup, the conducted experiments, and results to evaluate the
performance of the proposed solutions.

A. Experiment Setup

We perform our experiment considering the Deep Learning
(DL) model for a mobile health application and the dataset
presented in [35]. For the sake of performance evaluation,
we derive an exponential regression model to simulate the
system’s behavior in terms of inference accuracy of the
considered DL model. To obtain a regression model, we
train the DL model using different data sizes and number
of epochs. We then observe the corresponding inference
accuracy on some test data by averaging the results over 10
experiments. The considered DL model consists of 11 layers
and is trained on 245,921 samples of the associated dataset,
which consists of 13 classes representing different physical
activities. Our regression model captures the dependence of
the inference accuracy, qi , on the number of epochs, m

(t)
i ,

and the percentage of the training data, l (t)i . The percentage

of the data size, l (t)i , is considered with respect to the 245,921

training samples (i.e., l
(t)
i = (L

(t)
i /245, 921) × 100). We

use the following exponential model to regress the relation
between the three variables:

qi (l
(t)
i ,m

(t)
i ) =

1

100
(g1e

g2l
(t)
i + g3e

g4m
(t)
i + g5e

g6m
(t)
i )

(19)

The coefficients corresponding to DL model 1 presented
in Table II is the result of performing the regression, with a
root-mean square error (RMSE) of 5.663% and an R-square
measure of 0.9379. The RMSE and the R-square measures
indicates that the model captures the relation well, and hence
is a good fit. We replicate the obtained exponential model of
DL model 1 by adjusting the values of the coefficients and
obtain regression models to represent three more DL models
(see Table II). We highlight that an adversarial behavior
can be represented by a changing exponential model, (i.e.,
q
(t)
i (l

(t)
i ,m

(t)
i )), or coefficients, (i.e., g

(t)
1 , g

(t)
2 , g

(t)
3 , g

(t)
4 ,

g
(t)
5 , g(t)6 ), at each time slot according to the distribution and

quality of the data. However, for simplicity and without loss of
generality, we consider data with fixed distribution and quality.
Hence, we fix the model (19) and its corresponding coefficients
for all the considered DL models throughout the entire time
horizon.
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TABLE III
SIMULATION PARAMETERS

After obtaining the regression models, we consider the DL
model deployment requests coming as a tuple represented by:
(α, φ,Cmax,Dmax, lmin, lmax,mmin,mmax), where Cmax is
the maximum budget in dollars ($), Dmax is the maximum
learning latency in minutes (mins), [lmin, lmax] is the range
of data size in percentage. The resource allocation problem
is solved by the online optimization controller considering
the availability and cost of the resources determined by
the network operator. The available resources and cost is
represented by the tuple: (Ψmax,Λmax, cψ, cλ). Ψmax is
the available units of CPU resources in gigahertz (GHz),
and Λmax is the available bandwidth in batches per second
(batches/sec), where 10000 samples of data constitute a batch.
cψ and cλ represent the cost of a computing unit and a unit rate
in dollars respectively. We consider the simulation parameters
presented in Table III and assume a negligible channel access
delay (i.e., ε = 0). We note that, for the purpose of our
simulations, a fixed value of φi is considered for all i ∈
I. However, in real-world scenarios, this value would vary
across different models due to their differing computational
complexities.

To assess the performance of our proposed solution, we
compare it against two benchmarks. The first benchmark
is the Optimal Allocation (OA), which evaluates learning
performance relative to the optimal system performance at
each time slot, f (t)(a�). This benchmark requires knowl-
edge of all future performance functions to determine the
optimal decision, a�, which is derived by solving the for-
mulated problem in P through an exhaustive search across
the discretized feasible decision space A. This benchmark-
ing approach is commonly used in the literature [36], [37].
The complexity of this benchmark involves computing
f (t) for all actions at each time step, making it com-
putationally expensive. However, it remains a theoretical
solution, achievable only with prior knowledge of all future
performance functions. As detailed in Section IV-A, there
may exist multiple optimal allocation decisions, represented as
{a1�,a2�, . . . ,a�K }. The second benchmark is random Fixed
Allocation (FA), where the network operator randomly decides
the allocation of computing and communication resources
to any admitted slice. These allocations remain fixed for
the entire lifetime of the slices and do not guarantee opti-
mality. Random allocation is also a standard strategy for
benchmarking [38].

B. Learning Rate Analysis

We study the impact of the learning rate η on the
performance of a learner, the best observable η, and the impact
of changing the environment on the behavior of η. we run
an experiment considering DL model 1, DL model 2 (see
Table II), and the available resources presented in Table III.
The action space is discretized according to the following:

• li ∈ {25, 50, 100} ∀i ∈ I
• mi ∈ {2, 5, 10} ∀i ∈ I
• ψi ∈ {1.5, 1.8, 2.2} ∀i ∈ I
• λi ∈ {1, 2, 3} ∀i ∈ I

We compare the performance of OLS algorithm, in terms of
the cumulative regret (i.e., RT ), using η = ηop obtained
from equation (16), against its performance using different
values for η. The results in Figure 4-(a)shows that although
the optimal η guarantees the lowest regret bound (i.e., the
regret bound at (ηop)) for a highly adversarial environment,
we could observe a lower cumulative regret using another
value of η in a less adversarial environment. We observe
that η = 0.001 exhibits the lowest cumulative regret and
hence we consider it as the best observable learning rate for
the simulated environment setup. We proceed with comparing
the performance of OLS, in terms of the average reward (i.e.,
the average system performance,

∑T
t=1 f

(t)(a(t))/T ), against
the benchmark schemes OA and FA using η = 0.001 as shown
in Figure 4-(b). We consider a fixed allocation (FA) scheme
with randomly assigned values: li = 50, mi = 5, Ψi = 1.5,
and λi = 2, ∀i ∈ I. Additionally, we evaluate the average
performance of multiple random fixed allocations over 10 ×
105 trials, labeled as (FA-avg). Unlike the FA and FA-avg,
the OLS framework is guaranteed to converge to the optimal
system performance defined by OA. It is worth noting that the
fluctuations observed at the initial stages are attributed to the
exploration of the learner, as it is actively sampling different
actions to gather information about their performance.

In Figure 4-(c), we analyze the performance under two
setups, each featuring different number of DL model deploy-
ment requests, in terms of the average regret (RT /T ). In
the first setup, labeled as (2 DL models), we consider DL
model 1 and DL model 2 from Table III, with Ψmax = 3.7.
The second setup, labeled as (3 DL models), introduces an
additional DL model, DL model 3, and scales up the available
resources to Ψmax = 5.2 to accommodate the additional
deployment. We identify that the best observable learning rate
changes according to the environment setup. We particularly
note that by accepting another DL model deployment request
and up-scaling the available resources, the size of the decision
space increases, which demands a lower value for η. It is
also observed that learning on a smaller decision space results
in a smaller area under the average regret curve (i.e., the
cumulative regret, RT ). In other words, the speed of the
learning is affected by the size of the decision space.

C. Comparison of Proposed Algorithms

To compare between the performance of the three proposed
variants of the online learning solution, we perform an exper-
iment considering DL model 1, DL model 2 and the available
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Fig. 4. a) Cumulative regret curve using different values for η compared against the regret bound at ηop, b) Average reward curve of OLS against the
benchmarks using the best observable η, c) Average regret curve considering different numbers of DL model deployment requests using the best observed η.

Fig. 5. Comparison between the three elimination methods: a) Average regret
curve with η = 0.001, b) Action probability curve showing the probability
given to the optimal action with η = 0.001, c) Average regret curve using the
best observable η, c) Action probability curve showing the probability given
to the optimal action using the best observable η.

resources presented in Table III. We conduct the comparison
in terms of the convergence of the average regret and how fast
the probability of the optimal decision approaches a value of
1. Due to the structure of the decision space resulting from the
OLS algorithm, as the probability vector is updated at each
time slot it will tend to be distributed among multiple optimal
decisions rather than a single decision. On the other hand,
since OLS-SA and OLS-RSA considers these decisions as sub
actions of a single super action, the learning phase will result
in a probability that is biased toward a single optimal super
action. Therefore, for comparability of the three algorithms, at
each time slot we add the probabilities corresponding to the
multiple optimal decisions resulting from the OLS algorithm.

In Figure 5, it is observed that in general the OLS-SA
algorithm exhibits a lower cumulative regret and hence a
faster convergence to a low average regret compared to the
OLS algorithm. This is because by combining similar actions
together into a super action, they undergo the same probability
update, instead of being treated as independent. OLS-SA
algorithm reduces the size of the decision space compared

Fig. 6. Comparison of the cumulative time complexity given: |AOLS| =
720, |AOLS−SA| = 48, |AOLS−RSA| = 6, and T = 20.

to OLS, which increases the speed of the learning. It is also
observed that OLS-RSA exhibits the lowest cumulative regret
of the three methods. This is because by reducing the size of
the decision space, the online optimization controller is able
to learn the decisions that maximizes the system performance
faster. In addition to this, it is likely that the candidates
of the optimal super action will result in a higher system
performance compared to other actions, and hence resulting
in a faster convergence to a low average regret. It is worth
noting that both the OLS-SA and OLS-RSA algorithms exhibit
a similar behavior in terms of the probability update of the
optimal action (see Figure 5-(b), and Figure 5-(d)). For both
algorithms, the probability given to the optimal action nearly
converges to a value of 1 as opposed to OLS. We highlight
that OLS-SA and OLS-RSA result in a significant reduction
in the action space compared to OLS. Therefore, we can
achieve a remarkably faster convergence of the probability
corresponding to the optimal super action to a value of 1 at
the best observable η (see Figure 5-(c), and Figure 5-(d)).

D. Time Complexity Analysis of the Proposed Algorithms

Given the previous experimental setup, we compare between
the cumulative time complexity of the three algorithms. To
account for the time complexity of the pre-learning phase, we
experimentally compute the number of times of executing the
major operations described in Section IV-A.

Figure 6 compares the cumulative time complexity of the
algorithms over 20 slots on a logarithmic scale. At t = 0 (i.e.,
during the pre-learning phase), the OLS-RSA algorithm incurs
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the highest initial overhead due to the optimal super action
candidacy checking step. In contrast, the initial overhead for
OLS and OLS-SA is identical, stemming from the feasibility
checking step. However, both OLS-SA and OLS-RSA reduce
the action space size in the pre-learning phase compared to
OLS. Time slots t = {1, . . . , 20}, show the complexity during
the learning phase, which is primarily attributed to the number
of operations required to update the probability vector, which
heavily depends on the decision space size. Accordingly, the
OLS algorithm experiences a significant increase in cumulative
time complexity as it requires more operations to update
the probability vector for a larger decision space. On the
other hand, OLS-RSA achieves the lowest cumulative time
complexity over time due to its substantial reduction in the
decision space size.

E. Service Performance Evaluation

We use the OLS-RSA algorithm to evaluate the individual
performance of several DL models during the process of
the online resource allocation. We conduct an experiment
considering the four DL models in Table II and the simulation
parameters in Table III with η = 0.01. We set lmini = 20
∀i ∈ I, mmini = 3 ∀i ∈ I, Cmax2 = 0.46, Cmax3 = 0.38,
Dmax1 = 3.07, Dmax2 = 3.07, Dmax3 = 4.4, Ψmax = 7,
Λmax = 7. The action space is discretized according to the
following:

• li ∈ {20, 55, 80, 100} ∀i ∈ I
• mi ∈ {3, 5, 8, 10} ∀i ∈ I
• ψi ∈ {1.5, 1.8, 2.2} ∀i ∈ I
• λi ∈ {1, 2, 3} ∀i ∈ I
Analyzing the average accuracy of the DL models (see

Figure 7), it is observed that each DL model experiences
initial fluctuations until the average inference accuracy of
each of them converges to a value which corresponds to the
maximum of their summation. We observe a trade-off between
the allocation of resources and hence the behavior of DL
model 1 and DL model 2. This trade-off indicates that the
allocation of resources cannot accommodate the combination
of data size and number of epochs which leads to the highest
possible inference accuracy for both DL models at the same
time. It appears that since the objective of the problem is to
maximize the summation of accuracies, this trade-off arises
as more resources will be allocated to the DL model that
weighs higher in terms of accuracy. Hence during the learning
phase, the DL model which exhibits a lower accuracy may
experience an initial increase in the average performance
followed by a decrease as the online optimization controller
learns the allocation which corresponds to the collective
maximum performance.

F. Biased Subset Selection Evaluation

We have been evaluating the performance considering an
initial uniform probability distribution over the entire decision
space. Considering the previous experimental setup with four
DL models, we extend the analysis to compare between the
impact of learning while considering a biased subset of the
original decision space (i.e., SBS and GBS) as discussed in

Section IV-B, and learning with a uniform distribution over
the entire decision space. We analyze the impact of the size
of the considered subset J ′ on the learning. We also study the
behavior of the different biased subset selection approaches
when it is identified with error and without error. We have
identified that the optimal action corresponds to the index
j = 40 in the decision space. Thus, we consider a strictly
biased subset centred at j = 40, with J ′ = 15 and J ′ = 5
in the case without error, and another centred at j = 9 with
J ′ = 5 for the case with error. We also consider a Gaussian
biased subset in the case without error to be centred around
the optimal action with μ = 40, and another in the case with
error with μ = 9. In both cases the standard deviation is set
to σ = 3.

In Figure 8, it is observed that compared to a uniform distri-
bution over the entire decision space, a biased subset selection
which includes the optimal action results in a lower cumulative
regret (i.e., smaller area under the average regret curve), and
a faster convergence of the probability corresponding to the
optimal action to a value of 1. It is also observed that the
smaller the size of the subset J ′, the faster the convergence to
the optimal action and hence a lower cumulative regret. In the
case of identifying the biased subset of actions with error, we
observe that the GBS approach allows the online optimization
controller to learn the optimal super action in the long time.
Accordingly, the average regret will start to decrease as the
online optimization controller learns the optimal super action.
Meanwhile, using the SBS approach, the learner is not able to
identify the optimal super action since the probability assigned
to it at initialization is equal to zero. In this case, the online
optimization controller will learn a sub-optimal super action
within the specified subset. Therefore, it is evident that the
GBS approach performs better in comparison to SBS since it
is able to account for error.

G. Comparison With State-of-the-Art

In this section, we compare our OLS-RSA solution using the
EXP3 algorithm with State-of-the-Art algorithms: Thompson
Sampling (TS), Upper Confidence Bound (UCB), Q-Learning
(QL), and SARSA. These algorithms were chosen for their
similarities to EXP3. TS balances exploration and exploitation
by maintaining two parameters, alpha (success rate) and beta
(failure rate), which define a beta distribution for action
selection. UCB selects actions based on the highest upper
confidence bound, reflecting the uncertainty of rewards. QL
and SARSA both use an ε-greedy policy, exploring with
probability ε and exploiting the action with the highest Q-value
otherwise. QL estimates future rewards based on the highest
Q-value, while SARSA uses the ε-greedy policy for this
estimation. We set ε = 0.01, α = 0.01 (learning rate), and
γ = 0.99 (discount factor) in our experiments. To ensure
a fair comparison, all algorithms undergo the pre-learning
action space reduction, and performance is evaluated during
the learning phase with varying environment dynamics.

To simulate varying dynamics, we modify the coefficients
g1, g5, and g6 in the mathematical models of the DL
models. The mean values of these coefficients are shown in
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Fig. 7. a) Average accuracy of each DL model, b) Experienced fluctuations during the initial time steps of the learning phase, c)Average regret curve.

Fig. 8. Comparing the impact of different biased subset selection and initial
probability distributions in terms of: a) The average regret b) The probability
corresponding to the optimal action at each time step.

TABLE IV
PARAMETERS FOR VARIOUS ENVIRONMENT DYNAMICS

Table II, with their standard deviation (σ), maximum, and
minimum values provided in Table V. A σ of 0 indicates static
dynamics with fixed models, while higher σ values reflect

TABLE V
AVERAGE REWARD COMPARISON WITH STATE-OF-THE-ART UNDER

VARYING ENVIRONMENT DYNAMICS

increased dynamics, creating a more adversarial environment.
Key parameters are kept constant: Dmax at 6.0 minutes, Cmax

at 0.46, Λmax at 7 batches/sec, and Ψmax at 8 GHz. The
learning phase for each algorithm spans 30× 104 time steps,
with average reward and average regret recorded at the last
time slot.

Table V provides a comparison of the average reward
achieved using the EXP3 algorithm against State-of-the-Art
learning algorithms and the optimal benchmark. Similarly,
Figure 9 illustrates the comparison of the average regret.
Since the results for QL and SARSA were identical, they
are combined for reporting purposes. The results reveal that
the average regret increased for TS and UCB in more
adversarial environments, whereas QL and SARSA demon-
strated a decrease followed by nearly constant performance
in environments 4 and 5. In contrast, EXP3 exhibited an
initial increase in average regret, followed by a decrease in
environment 5. Furthermore, EXP3 consistently achieved the
highest average reward and the lowest average regret across
varying environments, showcasing its superior adaptability to
diverse environment dynamics.

H. Performance Under Varying Resources Availability

In this section, we assess the performance of OLS-RSA
under different levels of computational resource availability
and environment dynamics. Building upon the setup from the
previous experiment, we vary the value of Ψmax across the
range [6.0, 8.0] in increments of 0.5. Figure 10 illustrates that
across all settings, increasing Ψmax leads to an increase in
the achieved average reward. This is attributed to the greater
availability of computational resources, enabling more com-
putationally intensive configurations and combinations. These,
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Fig. 9. Average regret comparison with State-of-the-Art under varying
environment dynamics.

Fig. 10. Average Reward of OLS-RSA achieved in different environments
under varying computational resources availability.

in turn, support training models with additional epochs and/or
larger data samples, resulting in improved learning accuracy
and a corresponding increase in the system’s average reward.
Moreover, it is evident that under more adversarial settings,
the achieved average reward is generally lower, reflecting the
challenges posed by these environments.

VI. CONCLUSION

Towards a new paradigm of 6G network slicing to support
AI-based services, slicing for AI, we proposed an online
learning approach to jointly allocate resources and tune hyper-
parameters for training AI models, while maximizing their
collective performance. We formulated the problem as an
accuracy maximization problem subject to resources, budget,
and AI model training latency constraints. We presented an
online learning solution with decision space reduction methods
and biased decision space subset selection approaches. The
simulation results demonstrate the diverse capabilities and
trade-offs of the implemented algorithms in achieving an
optimal allocation decision while providing sub-linear regret
guarantees. Moreover, our findings indicate that optimiz-
ing the action space leads to favorable outcomes in terms
of faster convergence to the optimal solution, lower loss
accumulation, and overall optimization of cumulative time
complexity. Additionally, our results highlight the trade-offs
in the proposed approaches of biasing a selected subset of
the decision space. Lastly, they highlight the superiority of
our solution in adapting to various environment dynamics

in comparison to other State-of-the-Art solutions and under
various resource availability.

Future work could explore a broader range of scenar-
ios with varying computational complexities of AI models.
Additionally, an important direction of research could be
addressing resource slicing for both AI and conventional
services, incorporating dynamic resource allocation where the
availability of communication resources for AI services adapts
to changing demands from other services.

APPENDIX

PROOF OF LEMMA 1

The Knapsack problem [39], which is a combinatorial
optimization problem that is known to be NP-hard, is reducible
to the formulated problem in P. The knapsack problem
involves selecting a subset of items S ⊆ N = {1, 2, . . . ,N }
from a set of N items, such that each n ∈ N is char-
acterized by a value vn and a weight wn . The objective
of the problem is to select S such that the total value∑N

n=1 vn is maximized, while satisfying a maximum weight
constraint

∑N
n=1 wn ≤ W . Correspondingly, the formulated

problem in P aims at maximizing the system performance
across all t slots by determining the combination a� =
(L�1,m

�
1 , ψ

�
1 , λ

�
1, . . . ,L

�
I ,m

�
I , ψ

�
I , λ

�
I ) from the set of combi-

nations A = {a1,a2, . . . , }. Hence, each combination a ∈
A representing an allocation decision can be mapped to the
considered subset of items, S , in the knapsack problem.
The resulting inference accuracy of an allocation decision
corresponding to each AI model can be mapped to the
value variable in the knapsack problem, and the computing
resources, communication resources, learning latency, and
learning cost variables corresponding to each AI model can
be mapped to the weight variable in the knapsack problem.
This shows the formulated problem in P is a special case of
the knapsack problem proving our Lemma that the formulated
problem is NP-hard.
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