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Abstract—Network slicing and its optimization is a critical
concept in today’s telecommunication networks. It involves cre-
ating and jointly optimizing separate virtual segments within
a single physical network to cater to specific users, devices,
or applications. This paper presents an innovative framework
that optimizes network resources using estimated QoE values
for specific slices and inputs provided by operators, like traffic
priority. Operators can also set strict Quality of Service (QoS)
parameter requirements, such as minimum bandwidth require-
ments based on their Service Level Agreements (SLAs), which
the model incorporates. Our proposed optimization framework
capitalizes on packet-level estimations, avoiding the need for end-
user side metrics like WebRTC logs. This innovative approach
not only allocates resources based on initial estimates but actively
and constantly refines resource allocation leveraging estimated
QoE and traffic priority (given by the operator), ensuring opti-
mal network resource allocation, thereby facilitating operators
in meeting Service Level Agreement (SLA) compliance and
maximizing revenue. In addition to this very dynamic scenario
and solution, we propose more static algorithms as well, and
investigate the impact of the learning and reconfiguration window
i.e., the timeframe which is used as the optimizations input and
the timefame in which the network is allowed to be reconfigured.
In summary we propose a new network optimization framework
based on the estimated QoE and inputs given by the operator (i.e.,
priority of the traffic and SLA constraints) and we investigate
the impact of different network degradations and reconfiguration
timeframes on the overall profit.

Index Terms—network slicing, optimization, quality of experi-
ence

I. INTRODUCTION

Network slicing, a key element of modern telecommuni-
cations, transforms 5G and beyond by partitioning a unified
physical network infrastructure into virtual networks com-
monly referred to as ”slices”. Each slice is individually config-
ured to specific applications, services or user groups, providing
a flexible and efficient way to allocate resources within a
shared network environment.

The advantage of network slicing is the ability to create cus-
tomised networks by allocating resources such as bandwidth,
computing power and storage in a dedicated way, optimizing
performance for different use cases. This adaptability allows
network operators to address the different requirements of
applications and provide a better Quality of Experience (QoE)
for end-users across various services.

As network slicing becomes more dominant, the focus shifts
to the critical aspects of resource optimization within a multi-
service, multi-application ecosystem. Efficient allocation and
management of network resources is essential to guarantee

optimal performance of each slice, while maximising the
utilisation of available resources. This optimization challenge
becomes particularly complex in dynamic environments where
service demands change rapidly.

This paper contributes to resource optimization for network
slicing using machine learning models trained on empirical
data available to network operators. Specifically, we build upon
our previous studies, where linear models were developed to
estimate the QoE of video conferencing and cloud gaming
services. The uniqueness of our approach lies in utilizing these
QoE models to formulate an optimization problem aimed at
finding the optimal configuration of network slices.

In this optimisation framework, different slices serve differ-
ent services such as video conferencing and cloud gaming. Our
goal is to dynamically re-optimize the resource allocation to
these slices at regular intervals in response to the changing
needs of the network. This real-time optimization, at the
granularity defined by our dataset, requires computational
speed and scalability. To meet this requirement, we use linear
programming as an optimization tool, exploiting its efficiency
in handling large-scale and dynamic optimization problems.

Contrary to traditional quality of service (QoS) based ap-
proaches, our methodology focuses on QoE, adapting to the
increasing importance of user-centric metrics in modern net-
work management. Building on several QoE models developed
in previous work, we present an innovative approach that
integrates machine learning-based QoE estimation into the
network slicing optimization process.

The paper is structured as follows: Sec. II summarizes
related and previous works, Sec. III presents our network slic-
ing model and the formulated optimization problem. Sec. IV
describes the evaluation methods and results, while Sec. V
concludes the paper.

II. BACKGROUND AND RELATED WORK

In this section first we present the related work of network
slice optimization, and than we present the background for
QoE modeling. It is important to understand the state-of-the-
art network slicing optimization and QoE modeling, since
our novel framework leverages the QoE modeling in order
to perform network slice optimization, in such manner that
not the QoS parameters are taken into account, but the actual
user experience. We believe, that this approach can beneficial
for both operators and users.
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A. Network Slice Optimization

Bosk et al. [1] addressed QoS-aware resource allocation in
5G networks, focusing on QoS Flows and network slicing.
Their simulation study demonstrated that optimizing system
parameters, such as per-flow bitrates and slice dimensions, ef-
fectively maximizes system utilization, ensuring a high level of
customer QoE while meeting diverse application requirements.

Wang et al. [2] addressed challenges in migrating eHealth
telemedicine services to 5G using the SliceNet framework,
focusing on media-centric applications. Experimental results
confirm SliceNet’s effectiveness in ensuring end-to-end QoS
for media-rich applications. Key features include customized
resource allocation, a low-latency processing platform, and an
adaptable control framework.

Fendt et al. [3] introduced a formal MILP-based opti-
mization model for Network Slice Embedding (NSE). Their
approach targets efficient algorithms for the mobile end-to-
end NSE problem, emphasizing network function chaining
and path splitting. The model optimizes overall utility and
minimizing latency in network slice communication. In future
work, scalability has been highlighted as a weakness.

Retal et al. [4] introduced a Content Delivery Network as
a Service (CDNaaS) platform for efficient video management
through virtualized caches, transcoders, and streamers. CDN
slice owners can add videos, and stream content to end-users.
The work formulates the Virtual Machine (VM) placement
problem with two Linear Integer Problem (ILP) solutions,
aiming to balance costs and maximize Quality of Experience
(QoE) for streaming. Simulations demonstrate the model’s
effectiveness in achieving this balance for CDN slice owners.

In contrast to the previous methods, our novel framework
utilizes QoE modeling for network slice optimization, focusing
on actual user experience rather than QoS parameters. A de-
tailed description of the necessary QoE modeling is provided
in the next subsection.

B. QoE model

Our research builds on [5], proposing a standardized QoE
monitoring data collection system for delay-critical services.
It assesses service responses in diverse radio and network con-
ditions, studying reactions to disruptions like packet loss and
latency. The structured testbed approach introduces controlled
degradations, capturing network traffic, radio metrics, screen
recordings, and application-level data (e.g., WebRTC logs).
Using this system, we collected data on video conferencing
and cloud gaming, investigating user experience under differ-
ent conditions. Machine learning algorithms, trained on this
data and detailed in [6] and [7], model user experience based
on transport metrics.

Both studies aimed to comprehensively cover network
disturbances, including scenarios without degradation. Video
conferencing focused on Microsoft Teams, Jitsi, and Google
Meets [8]–[10], while cloud gaming analyzed NVIDIA
GeForce NOW [11] with CS:GO and Apex Legends. User
experience assessment differed: video conferencing used vol-
unteer ratings on a 1-5 scale, while cloud gaming measured

in-game performance on a 0-100 scale. Employing Gradient
Boosting Machine and Linear Regression to estimate the user
experience, video conferencing achieved accuracies of 0.36
RMSE / 0.78 R2 and 0.44 RMSE / 0.68 R2. In cloud gaming,
accuracies were 12.5 RMSE / 0.68 R2 and 15.6 RMSE / 0.51
R2.

While linear models achieve lower accuracy, their inter-
pretability and applicability in linear programming optimiza-
tion make them useful. To validate our network slice optimiza-
tion framework, we employ the mentioned data and services.
Creating service-specific linear regression models to capture
the relationship between measurable QoS and QoE, we then
introduce a new slice optimization method.

III. QOE BASED NETWORK SLICE OPTIMIZATION
FRAMEWORK

In this section we present our optimization framework.
We assume a network where the operator can monitor and
modify (within constraints) the transport values (QoS values)
of all slices in the network. Additionally, the operator can
monitor the current number of users. In this case, slices are
separated by service, and the QoS values are recorded in the
SLA (Service Level Agreement) for each slice, specifying the
minimum and maximum values for QoS per user. Meaning not
only a QoE based network slice optimization is performed but
simultaneously given ”hard” SLA QoS parameter requirements
are taken into account.

To do so besides the QoS requirements, each slice is
assigned a target QoE value and a minimum user count that
it should satisfy, at least at the level of the target QoE value.
Failure to meet these criteria results in a penalty. The revenue
per user for each slice, accessible to the operator, is also given.
The operator’s input parameters are discussed in Sec. III-A.

After all the operator given inputs are defined the following
main steps are discussed in details.

1) Service-Specific Linear Regression Models
(Sec. III-B): Individual linear regression models
were developed for each service type, which model the
QoE based on the corresponding QoS values.

2) MILP Model Generation from Linear Models
(Sec. III-C): By extracting coefficients from the linear
models, we formulated Mixed-Integer Linear Program-
ming (MILP) models to facilitate slicing optimization.

3) Definition of Time Windows for MILP Model Usage
(Sec. III-D): We define two model variants (Oracle and
History) by using a variable-size time window for the
computation and application of the optimization.

4) Test Case Development for Model Evaluation
(Sec. IV): The effectiveness of the models are evaluated
on test sets, while the QoE and the profit is analyzed.

A. Slice model

Our objective is to optimize and dynamically allocate re-
sources among individual slices while adhering to the defined
SLAs, particularly concerning the maximum number of addi-
tional users the system can serve at any given moment. To



achieve this, we establish a comprehensive definition of the
attributes characterizing a slice at a specific moment in time.
The majority is operator-given, however some are specific to
time period such as current number of users.

• type: The slice type i.e., the categorization of the slice. In
our case we define the slices service-wise: CSGO, Apex,
Jitsi, Teams, or Google Meet.

• minimum user number: The minimum number of users
that the slice should satisfy at least on target QoE. Failure
to meet this criteria results in a penalty.

• target QoE: The minimum QoE value that we should
provide to at least the minimum number of users.

• service revenue: The revenue related to a satisfied user
for a given service.

• extra revenue: The extra revenue per user that is received
after satisfying the minimum number of users.

• maximum/minimum values of transport parameters:
These are the upper/lower limits for each transport pa-
rameters that the slice can receive, on a per-user basis.

• user count: The current number of users. This is the only
not operator defined input.

B. Service-Specific Linear Regression Models for QoE esti-
mation

Service-specific linear regression models for QoE estimation
are built based on slice type, using a dataset from previous
work (discussed in II-B). The dataset, with one-second gran-
ularity and various degradations, includes 3 metrics (bytes
received per second, current round-trip time, and current
jitter) for both video and audio datastreams i.e. in total 6
metrics (excluding WebRTC parameters). To ensure positive
correlation with QoE, jitter and round-trip time values were
negated. QoE ranges were scaled using min-max normalization
to fall within the same 0 to 1 range for both video conferencing
and cloud gaming.

In this work, we re-trained the Linear Regression models
on the 5 services separately using the 6 input variables. The
coefficients were extracted from the ElasticNet model (which
is a linear regression with L1 and L2 regularization). The
resulting linear equations, describing current QoE per user
for each service, have 6 input variables and 6+1 coefficients.
These service-specific linear regression models are crucial
for optimization in Section III-C, since we ensured the non-
negativity and similar order of magnitude of the coefficients
for linear programming.

C. Optimization problem - Base Model

The main idea of optimization is to allocate resources
among the slices in such a way that after satisfying the
SLA (i.e.: minimum expectations regarding the QoS values),
the remaining resources are allocated among the slices to
maximize profit by satisfying users above the target QoE. To
solve the problem we propose a Mixed-integer Linear Program
(MILP). The MILP receives a t long time-series (describing
a time window) and returns the configuration proposal and
specifies the maximum number of users it can serve with the

given settings and target QoE value. For the formulation of the
MILP model, the coefficients of the linear regression models
which are unique for each slice (Sec. III-B) are used.

The variables and constants used to formulate the optimiza-
tion are defined as follows:

• m, k, t: Number of slices, features and time steps,
respectively.

• pj , ej : Revenue and Extra Revenue value of a slice user
j, respectively.

• cjl: User count of slice j in the l time step
• qj : Target QoE of slice j
• sj : Minimum user number of slice j
• wnk: Coefficient for the k-th feature of the n-th linear

model, constant, see Sec. III-B
• zn: Intercept value of the n-th linear model.
• uj : Variable describing the number of users the j-th slice

can serve with target QoE with the currently allocated
resources.

• xjk: Variable representing the k-th feature allocated to
the j-th slice to satisfy users

• yjk: Variable representing the remaining free resource of
the k-th feature of the j-th slice

• coefxjixki
: Coefficient of xki, approximating xji

• corrxjixki
: Margin of error for retaining correlation be-

tween xki and xji

• xljkmin, xljkmax: The lower and upper bound of the k-th
resource descriptor of the j-th slice in the l-th time step

The formulated MILP optimization problem, given the
constants defined for the slices, determines how much resource
must be allocated to a given slice to achieve maximum profit.
In the present formulation, the total amount of resources to be
allocated to the j-th slice with respect to the k-th feature is
xjk + yjk. Of this amount, xjk is the amount needed to satisfy
uj number of users, and yjk is the remaining free resource.

The MILP maximization formula is presented in Equa-
tions 1- 8

max.
m∑

j=1

[
t∑

l=1

(
pjcjl

(
k∑

i=0

wjixji + zj

))
+ tejqj(uj − sj) + t

k∑
i=0

wjiyji

]
(1)

s.t. xji ≥ 0, yji ≥ 0, uj ≥ 0 (2)
xji + yji ≤ xljmax, xji ≥ xljmin (3)
k∑

i=0

wjixji + zj ≤ 1, (4)

pjqjuj − pj
t

min
l=1

(clj)

(
k∑

i=0

wjixji +
k∑

i=0

wjiyji

)
= 0 (5)

m∑
j=1

wnkxjk + wnkyjk ≤ xljksummax (6)

xji − coefxjixkixki ≤ corrxjixki if ∃corrxjixki (7)
xji − coefxjixkixki ≥ −corrxjixki if ∃corrjk (8)

The profit (i.e. objective function, described in Eq. 1) is
primarily determined based on QoE, user count, and the per-
user service revenue of the slices. However, it is influenced by
extra revenue, the minimum user count specified in the SLA,
target QoE, and the system’s ability to allocate additional extra



resources. It comprises three main components for the given
time period t:

1) pjclj

(∑k
i=0 wjixji + zj

)
: Scales QoE regression ob-

tained from linear regression with the profit per user
and user count in every second in the given time period.

2) ejqj(uj − sj): Utilizes an alternative profit to maximize
users above the target QoE. If the number of users that
can be served alongside the target QoE is greater than
the number mandated to be served based on the SLA,
it increases the overall profit value with the extra profit,
minimum QoE, and the surplus user count. Conversely,
if it is lower, it similarly diminishes the profit.

3)
∑k

i=0 wjiyji: Represents the remaining free resources.
If a resource can no longer be used to enhance QoE in
any slice but there is unused capacity in the network,
the optimizer can allocate it there.

The constraints are the following:
• Eq. 2 and 3 ensures that the allocated and remaining free

resources are non-negative and between the given bounds.
Among the maximum constraints at time window t, the
lowest value will prevail, while among the minimum
constraints, the highest value will apply.

• Eq. 4 ensures that the QoE is maximum 1.
• Eq. 5 The condition serves to define uj , specifying how

many users we could serve if the QoE value were at its
minimum given the current resource allocation.

• Eq. 6 ensures the upper limit of the features network
wide, across all slices. Upper limit could be the maximum
network throughput or the average jitter × number of
users. The minimum maximum among the constraints at
time t will prevail.

• Eq. 7 and 8 ensures that there are no large value
differences between correlating resources.

D. Model variants

To enhance the effectiveness of the MILP model, we defined
two key time frames: t for optimization computation and T
for the application of optimization. Parameter t is the duration
of the time window considered for optimization computation,
serving as input data. Conversely, T determines how long opti-
mization results are applied in the future, influencing network
configuration before reoptimization. Models are categorized
into History (when t precedes T ) and Oracle (when t and T
overlap, providing ability to foresee the future).

Our goal in developing variants was to explore how adjust-
ing window size and testing frequency impacts optimization
efficiency. Oracle models, though impractical for real-world
use, indicate the impact of increasing T on the network. In
contrast, feasible History models are intriguing due to their
practicality.

Ultimately, we investigated the following 11 combinations,
where in the name of the models the first value is the analyzed
window t and the second is the testing window T :

• Oracle Models (denoted as Oracle(t, T )): Oracle(1, 1),
Oracle(5, 5), Oracle(10, 10), and Oracle(20, 20) cases.

Oracle(1, 1) essentially reflects real-time optimization,
examining and optimizing values for each subsequent
second.

• History Models (denoted as History(t, T )): History(1, 5),
History(5, 5), History(10, 5), History(20, 5), History(5,
1), History(10, 1), and History(20, 1) cases.

IV. EXPERIMENTAL RESULTS

In this section, we introduce the test scenarios, outlining
their generation and assembly. Specifically, we present results
for a single test scenario (bandwidth degradation test) for
clarity. Subsequently, we evaluate the overall results for the
10 scenarios derived from real-life measurements.

The solver ran on a WSL 2 Ubuntu system on Windows 11,
utilizing a 13th Gen Intel(R) Core(TM) i5-13600K processor
with 32 GB of 5600MHz CL36 DDR5 memory. Depending
on the t window size (1, 5, 10, or 20), the average runtime and
the number of MILP iterations were as follows: 15 ms and 50
iterations, 26 ms and 55 iterations, 46 ms and 74 iterations,
and 76 ms and 79 iterations, respectively.

A. Investigated Scenarios

To assess the performance of the different algorithms, we
formulated 10 test scenarios. Each test lasted for 80 seconds,
with a focus on analyzing the last 60 seconds to ensure the
effective operation of individual models. For each test, 4 to
6 slices were created with randomly assigned slice types.
The attributes presented in Section III-A of the slices were
randomly assigned, with revenue margins falling between 1000
and 2000, extra revenue ranging from 0 to 1, the count of
current users per second varying between 225 and 275, nor-
malized target QoE set between 0.1 and 0.3, and the minimum
user number stipulated between 50 and 500. The upper and
lower bounds for the slice attributes were determined based
on the values observed in the training dataset.

Resource limitations for the network were configured ev-
ery second and each test scenario, guided by measurements
extracted from the training dataset. In total 5 bandwidth
degradation tests, 3 jitter degradation tests, and 2 tests without
degradation were selected for the performance evaluation.
Within each test, we assigned a unique measurement to each
slice and scaled it to the desired user count. The QoS values
per second from the measurements determined the per-second
values of our network.

Within these simulated test networks, we executed the 11
distinct models which we discussed in the Section III-D.
In cases where, at a specific point in time within the T
window, there are fewer resources available than the QoS
values determined by the t window, the system uniformly
degrades the parameter value for each user.

B. Case study: Bandwidth degradation Test 1

In this section, we illustrate the execution of a specific test
by presenting the results of our Bandwidth Degradation Test
1. Four slices were created for this test: 2 serving MS Teams,



1 serving CS:GO, and 1 serving Jitsi. Table I displays the per-
user revenue and extra revenue for individual slices within the
test network. Additionally, it includes the normalized target
QoE value and the minimum user count each slice must be
capable of serving, with user count dynamics detailed in the
previous section.

Throughout the test, audio and video jitter, along with the
current round-trip time values, fluctuate around constant levels.
However, video throughput significantly drop twice in the first
10 seconds before increasing to approximately 1.5 times the
initial value in the last 15 seconds. Simultaneously, audio
throughput steadily increase from the beginning to the end of
the test, reaching about 1.5 times the initial value with notable
drops at the 21st, 32nd, and 52nd seconds.

Name Revenue Extra Revenue Target QoE Min. user
Teams0 1578.58 0.71 0.12 348
Teams1 1252.42 0.67 0.23 179
CSGO2 1090.54 0.93 0.21 92
Jitsi3 1102.19 0.5 0.22 237

TABLE I
SLICES OF THE PRESENTED MEASUREMENT

In Figure 1, we observe the evolution of per-user profit
(QoE × profit) for each slice using the Oracle(1,1) model.
The Oracle(1,1) serves as a crucial benchmark, representing
the ideal scenario where we have complete foresight into the
next second, enabling instant adjustment of slicing. Given
the current settings where user count has a relatively minor
impact on overall profit, fluctuating only to a small extent
(±10%) compared to the value for which the network capacity
was designed, the model prioritizes reallocating resources
from slices with lower per-user revenue. Consequently, surplus
resources are allocated to more profitable slices. However, it
is noteworthy that none of the slices achieve a QoE of 1.0
under these conditions.

The QoE values range for slices are as follows: Teams0:
0.47 − 0.66, Teams1: 0.22 − 0.61, CSGO2: 0.0 − 0.49 and
Jitsi3: 0.42 − 0.56. The system distributes resources to max-
imize overall profit across all slices, with revenue essentially
corresponding to traffic priority. As Teams0 slice has the
highest revenue per user, it remains unaffected by bandwidth
limitations. When surplus resources are available, Teams0
receives priority, resulting in higher user QoE and greater
profit per user. Additionally, it is noteworthy that profit can
fluctuate significantly even within a 60-second evaluation. The
average revenues per user for the slices are as follows: Teams0:
809.56, Teams1: 524.0, CSGO2: 403.17, and Jitsi3: 553.22.

In the Figure 2, we compare the average per-user profit for
all 4 slices (i.e. total profit per model in given second) in
the context of the Oracle(1,1), History(1,5), History(5,5), His-
tory(10,5), and History(20,5) models, based on the execution
of the same test. It can be observed that applying optimization
created based on the values of the preceding second for every
5-second window i.e. History(1,5) closely follows real-time
optimization i.e. Oracle(1,1). However, it has the drawback of
not being able to handle local changes, requiring subsequent

Fig. 1. Oracle(1,1) profit per user in each slice

value adjustments. The algorithms created by utilizing the
previous 5, 10, and 20 seconds become increasingly reliable
in the network, requiring a more extended historical period for
value growth to prompt the optimizer to set a higher value.
However, this also results in lower profit achieved by the
optimizer since it does not allocate all available resources.
Therefore, increasing the window used for training represents
a trade-off between maximizing profit and the frequency of
how many times we will exceed the actual parameter values
for each parameter.

Fig. 2. Comparison between Oracle(1,1), History(1,5), History(5,5), His-
tory(10,5) and History(20,5) in terms of profit per user.

In average revenues per user for the model variants are
the follows: Oracle(1,1): 572.49, History(1,5): 496.02, His-
tory(5,5): 460.56, History(10,5): 454.52 and History(20,5):
429.53.

C. Comprehensive Test Scenario Results

Figure 3 shows the per-second profit (QoE * profit * user
count) achieved by our 11 models across the 10 tests. Not
surprisingly, Oracle(1,1) exhibits the best performance with the
highest maximum values and relatively low fluctuation in QoE
values. Both Oracle and History models show diminishing
variability in QoE values as the training window increases,
but this reduction comes at the expense of decreased profit
since not all available resources are allocated.

Given that Oracle models adjust the distribution of network
resources based on future values, they outperform History
models. Surprisingly, the History(5,1), History(10,1), and His-
tory(20,1) models perform worse than their counterparts with a
5-second application window. This is mainly due to significant



fluctuations in variables and user count from second to second,
requiring regular reductions in parameter values. However,
these reductions occur on a per-user basis and do not consider
profit or the importance of the parameter within the specific
slice.

Fig. 3. Profit of all slices of all tests for each model.

The most significant disparity is noticed between the Or-
acle(1,1) method and all others, emphasizing the critical
role of reconfiguration speed in profit maximization. And of
course the Oracle methods outperform the History method, the
differences in performance margins are relatively narrow.

Namely, while the average per-second revenue difference
between Oracle(1,1) and Oracle(5,5) is 6.4%, the difference
between Oracle(5,5) and History(5,5) is only 3.7%. No-
tably, the difference between the directly comparable History
method’s (where T is the same) is small, the largest difference
is between History(1,5) (worst) and History(10,5) (best) and is
only 1.3%. The largest difference between the Oracle models
is 9% (note that here for all . And the larges difference between
all models i.e., Oracle(1,1) and History(20,1) is 14.8%. In
summary we can state that the in practice applicable History
models perform well compared to the Oracle models, i.e., the
performance margins are relatively narrow even compated to
Oracle(1,1).

V. CONCLUSION

In conclusion, our methodology deviates from traditional
Quality of Service (QoS) approaches, placing a strong empha-
sis on Quality of Experience (QoE) to align with the growing
importance of user-centric metrics in contemporary network
management. Through the integration of machine learning-
based QoE estimation into the network slicing optimization
process, we present an innovative approach building on several
QoE models developed in previous work.

Upon analyzing the per-second profit achieved by our 11
models based on 10 tests, several key insights emerge. Not sur-
prisingly, the Oracle models outperform History models, but
the History models equipped with a 5-second t time window
also perform well. Both Oracle and History models showcase
diminishing variability in QoE values with an increased t
training window, but this is accompanied by a decline in profit
as they do not fully allocate available resources. On the other
hand the methods with T = 1 tend to be overly optimistic
and overbook the network resources, and when significant

fluctuations in variables (i.e. network parameters) or user
count occurs, this leads to significant QoE an profit reduction.
However, these reductions occur on a per-user basis and do not
consider the profit or the importance of the parameter within
the specific slice. Due to this reason the History models with
small T window perform less effectively.

In summary we can state that the in practice applicable His-
tory models perform well compared to the Oracle models, i.e.
the performance margins are relatively narrow even competed
to Oracle(1,1).

Future work includes the investigation of a model that would
dynamically adjust the time window T as a function of the
network resource dynamics.
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