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Abstract iii

Abstract

The surge of mobile users with increasing needs of data and services has brought a tremend-
ous momentum to telecommunications. This revolution paves the way to the development of
next generation mobile networks, able to accommodate many businesses with specific needs
on the same network infrastructure. The network slicing paradigm, enabled by technologies
such as Network Function Virtualization (NFV) and software-defined networking (SDN),
allows the Network Operator (NO) to host multiple verticals or Service Providers (SPs)
on the same substrate network. The network slices are dedicated logical networks that are
tailored to the specific needs of each service. They are essentially composed of virtualized
resources embedded on the Radio-access networks (RAN) and core elements of the network.

Virtualization has been identified as a key pillar of 6G. In virtualized systems, the SPs
ask for bundles of resources that the NO allocate accordingly to its admission control policy.
The interaction between the SP and the NO has been modeled through dynamic markets,
where the SP can make in-advance reservation and bid for resources on the spot market.
These markets have already been applied in the realm of cloud computing and have been
recently transferred in the network slicing domain.

The problem has been studied extensively from the perspective of the NO with solutions
about how to find an optimal admission policy, how to solve the allocation problem which is
typically NP-hard (e.g. virtualized network function (VNF) embedding), how to charge for
the slices with the aim to maximize the network utilization, or the NO revenue. However,
there has been little focus on the equally important problem of how the SPs should request
the slices. Indeed, the efficiency of these markets depend equally on the SPs being able to
optimize their reservation decisions.

The thesis focuses on the viewpoint of an individual SP which aims to derive its reser-

vation policy. The developed solutions must provide decisions robust to arbitrary changes

Jean-Baptiste Monteil PhD Thesis



iv Abstract

of the service demand or the prices of the requested resources. Thus, the thesis proposes
decision-making algorithms relying on modern learning tools, namely machine learning tech-
niques and Online Convex Optimization (OCO).

First, the research focuses on a RAN reservation model, where the SP can contract
bandwidth capacity from the Mobile Network Operator (MNO). The proposed solutions
provide a near optimal reservation but the model does not account yet for the prices of
the contracted resources. Then, the SP can reserve different kinds of network resources,
thus enabling the creation of an end-to-end (E2E) network slice. The derived optimization
problem also accounts for the varying demand of the SP and the evolving prices of the
resources. Finally, the model is enhanced to allow the incorporation of key predictions on
the demand and prices which improve the quality of the reservation decisions.

The first solutions are a Deep Neural Network (DNN) and a Long Short-Term Memory
(LSTM), which use as input the feedback from the MNO from the g previous slots and output
the reservations for the following h slots. The solutions outperform the Auto-Regressive
Integrated Moving Average (ARIMA) baseline with idealized knowledge of the environment,
by drastically reducing the over-reservation of RAN resources. Then, the new objective is
to maximize the long-term utility of the slice from the reservations, while not exceeding
the allocated budget for the purchase of resources. The problem has convex objective and
constraint functions and thus falls under the scope of OCO. Finally, based on the feedback
from the NO, the SP can derive accurate predictions of the future. The prediction module
and the reservation solution are both online learning solutions which combined provide
performance guarantees, while they outperform the Follow-the-Regularized-Leader (FTRL)
baseline.

The proposed solutions provide a near optimal online reservation policy to the SP. The
DNN and LSTM solutions present almost zero over-reservation and under-reservation under
all traffic conditions (from congested to low traffic). The OCO-based solution converges to
the performance of the optimal online reservation policy under stationary and non-stationary
settings. The prediction-assisted reservation solution provides better guarantees and out-

performs the well-known FTRL algorithm against real-world data.
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Notations

We use bold typeface for vectors, a, and vector transpose is denoted a'. We also use bold
typeface for a function with multiple images, e.g., g : R — R™. A sequence of vectors is
denoted with braces, e.g., {a;}, and we use sub/superscripts to define a sequence of certain
length, e.g., {at}thl is the sequence a1, as, . .., ar. Sets are denoted with calligraphic capital
letters, e.g., M. Constants are denoted with normal capital letters, e.g., G. We use the
symbol < to represent the inequality between vectors, e.g., * =< y means Vx € ¢,y € y,x <
y. The projection onto the non-negative orthant is denoted [-]4, and || - || is the ¢3 norm.

The key notation symbols are summarized in a table for each chapter.
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1. Introduction 1

1 Introduction

In this introductory chapter, we describe the motivation and the framework of our research
and then we state our contribution. We begin the discussion by presenting the evolution
of today’s networks towards 6G. We then present how the network slicing framework with
the support of virtualization technologies can realize the accommodation of new services on
the same infrastructure. We emphasize the increasing role these new services can play in
the creation of the network slices. We then highlight the research questions that must be
addressed to fully unleash the potential of these new services in network slicing. We finally

state our contribution and list the different publications associated with this research.

1.1 Motivation

Telecommunications have gained tremendous momentum with the proliferation of mobile
end users and the development of a plethora of businesses in need of telecommunication
support. The traffic demand has skyrocketed over the past few years primarily due to the
widespread of smartphone users, which consume mainly video streaming, internet access
services and applications. The number of smartphone subscriptions has evolved from 2.6
billions in 2016 to 6.3 billions at the end of 2021, with the average traffic consumption
per smartphone making a giant leap from 800 megabytes/month to 11.4 gigabytes/month
over the same period [2]. This is due to the growing demand for services that necessitate
higher data transmission and processing. Especially during the lockdown, the digital world
has grown at the expense of the physical world, shaping a new business ecosystem and
changing the mentalities with the rise of remote working and the success of videoconferencing

applications such as Skype or Zoom. The 5G networks have addressed the ever-increasing
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2 1. Introduction

demand by expanding the bandwidth to millimeter waves enabled by the installation of small
cells. The massive MIMO antennas with the support of the beamforming technology also
play a major role in the increase of wireless communication transmitted loads. While these
technologies have augmented the potential of accommodation of the traffic load, they come
with capital expenditure and operational expenditure (CAPEX/OPEX) costs. Additionally,
the today’s networks must deal with the development of new use cases such as the Internet
of Things (IoT) with the increase of connected devices, the autonomous vehicles, e-health
and smart factories which require more reliability, less latency or more capacity. Therefore,
arises the need of new concepts that limit the CAPEX/OPEX costs and accommodate

diverse use cases with specific requirements on the same network architecture.

The survey |[3] has detailed the evolution of the network sharing paradigm towards
the direction of allocating multiple tenants (Mobile Network Operators (MNOs), Virtual
Mobile Network Operators (MVNOs), Service Providers (SPs)) with diverse needs on the
same network infrastructure. In the early 3GPP release 99, network sharing was introduced
with the two pillars of passive network sharing and network roaming. Passive Radio-access
networks (RAN) sharing would concern the sharing of site locations or radio equipment,
with each MNO having access to an individual carrier layer. Network roaming would allow
mobile subscribers of a MNO to use the network of other MNOs. For example, in France,
the operator Free relies on the France Telecom infrastructure, former name of Orange and
owner of the French backbone network. One important motivation for the first collaboration
between MNOs has been the coverage of large geographical areas - countries or even larger
territories like EU. Then, the active RAN sharing appeared with the possibility for MNOs
to pool spectrum resources which implies sharing resources dynamically. In [4], two types of
active RAN sharing have been described, namely the multi-core operator network where the
MNOs share the Base Station (BS) and have separate core networks and the gateway core
network in which the MNOs share one additional core network element which reduces even
more the costs. Smart resource sharing solutions become crucial in the context of network
sharing, so as to avoid privacy infringement of the subscribers or the MNOs and potential
conflict in the usage of resources that would negatively impact the service experience of

the subscribers. Although network sharing has immensely contributed to the reduction of
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1.1 Motivation 3

CAPEX/OPEX costs, there is still a need for new concepts to design a thriving network

that would admit new players requiring network resources.

Enabling the admission of new players like MVNOs, over-the-top (OTT) SPs or vertical
industries poses real network resource management challenges. The issue on how to allocate
resources to these different players with very specific needs naturally arises. MVNOs provide
wireless communications services but do not own the wireless network infrastructure which
belongs to the Infrastructure Provider (InP). To illustrate the difference between the MVNO
and the InP in Ireland, Virgin Mobile is a MNO with no network infrastructure hence
an MVNO and Eir Mobile is a MNO owner of the network infrastructure hence an InP.
OTT SPs include all the services which require connection to the Internet for their service
delivery, where OT'T indicates these services are built on top of the network infrastructure
at the application layer. In this thesis, we refer to them simply as SPs. The most popular
services are the platforms of video streaming like Netflix or Amazon Prime Video, and
the numerous smartphone applications like Uber or Instagram. Vertical industries come
from different sectors and designate the businesses adopting a digital transformation that
necessitates the use of network resources for one peculiar service. These verticals come from
the transport and logistics sector with the use case of the automotive industry, the public
sector with the government and non-government agencies, the energy and utility sector with
the smart grids, the finance and insurance sector, the healthcare system, the education,
the manufacturing and construction with the smart factories. All of these services have
specific requirements; e.g. the IoT must deal with the massive arrival of small data packets
coming from connected devices like low-power sensors or CCTV cameras which require
high transmission, storage, and processing capacity. Hence, IoT services need solutions to
prioritize meaningful information and optimize the capacity usage [5]. Another example is
the viability of autonomous vehicles where the communications between vehicles must be
ultra-reliable and present low latency. Privacy of patient information is key in the context
of e-health and safety is critical in the case of government agencies. Therefore, 5G networks
need a new concept to be able to welcome such a variety of services on the same network

infrastructure, which is network slicing.
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1.2 The network slicing framework

1.2.1 Definition

We begin with the definition given in [6]: "Network slicing is centered on the concept of
deploying multiple dedicated logical mobile networks with varying levels of mutual isolation on
top of the same infrastructure. A network slice is a collection of mobile network functions (or
groups of functions) and a specific set of radio access technologies (RATs) (or specific RAT
configurations) necessary to operate an end-to-end (self-contained) logical mobile network."”
In the network slicing framework, the slice manager, often located at the InP [3], allocates
portions of network capacity to the different SPs. These portions must include different types
of network resources (e.g. RAN resources, core network resources) so as to provide the SP
with an end-to-end network slice dedicated to its specific service. The network slice is auto-
sufficient, i.e. does not need other allocated resources than those already present and thus
corresponds to "an end-to-end self-contained logical mobile network” tailored to the service.
The International Telecommunication Union (ITU) [7] has designed a classification of the
existing use cases and services which yields the three main families, namely the Enhanced
Mobile Broadband (eMBB), the Ultra-Reliable Low-Latency Communications (URLLC)
and the Massive Machine Type Communications (mMTC). The eMBB family addresses
the connectivity of high-speed mobile users or dense urban areas. The URLLC encompass
autonomous vehicles or critical mission services. The mMTC concern the IoT with the
massive amount of connected devices, e.g. the use case of mobile video surveillance through
CCTYV cameras. The use cases have different requirements; e.g. the autonomous vehicles
in URLLC services will require reliability, low latency and high mobility, the mobile video
surveillance in mMTC will require power efficiency of the cameras and connection density for
good coverage, the connectivity of urban areas in eMBB will need spectrum efficiency, high
user data rate and traffic density. Therefore, there is a need to tailor the slices to the different
use cases which have specific requirements even within the same family. The difficulty
arises when the service-tailored slices must co-exist on the same network infrastructure in
an isolated way — the isolation of the slices is important as to avoid the collapse of the whole

system when one slice undergoes a cyber-attack or a service failure.
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1.2.2 The enabling technologies of network slicing

The management and orchestration (MANQO) of the network resources to achieve the accom-
modation of isolated slices on the same network is a real challenge. Moreover, the demand
for each service is constantly evolving hence, to avoid under- or over-provisioning, the slice
manager must be able to reconfigure the slices dynamically which suppose an immediate
and flexible access to the resources. The abstraction of the network resources into network
functions with specific goal, which are both easy to instantiate and reusable, is a key step
towards enabling network slicing. This necessitates the development of virtualization tech-
niques to map the built-up network functions to the network resources at the infrastructure

50 Generation Public Private Partnership (5G-PPP) [8] envisions an architec-

layer. The
ture with three main layers which are the infrastructure, the network function, and the
service layer. The virtualization of the resources into network functions and the incoming

requests from the SPs at the service layer are the major challenges at stake.

The software-defined networking (SDN) technology has been envisioned to support the
huge, heterogeneous and complex 5G networks [9]. Specifically, SDN separates the data
plane (data processing) from the control plane (data routing). The SDN controller loc-
ated at the control plane configures dynamically via protocols the data-forwarding elements
(switches and routers) located at the data plane, based on the network policy defined at
the management plane [10]. This architecture enables the dynamic configuration of net-
work elements to accommodate diverse network applications. The design of southbound
and northbound interfaces between the control plane and the two others allow the SDN

controller to perform network management.

While SDN separates forward from control, Network Function Virtualization (NFV)
separates function from hardware [11]. The NFV paradigm proposes to abstract the net-
work functions into software which can be run on dedicated hardware. The virtualized
network functions (VNFs) execute specific service tasks using the underlying infrastructure,
e.g. Virtual Machines (VMs). The possibility to dynamically perform VNF placement and
migration enables flexible resource allocation and is a huge step towards the realization of
network slicing. Still, the VNF placement is an NP-hard problem and necessitates the design

of advanced heuristic solutions, especially in large 5G networks. Service chaining allows to
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chain the VNF's with the aim to perform a complete network service. By separating control
and data planes, service chaining can also steer the traffic trough the placed functions of

the chain.

Cloud computing with the pooling of VM resources, SDN and NFV enable the virtu-
alization of core network elements, ensuring the creation of isolated and dedicated VNF's
which are flexibly allocated on the network. On the other hand, the RAN virtualization
is more challenging. Two directions exist: either dedicate a spectrum chunk to each slice,
or dynamically share the spectrum between the slices [12]. The first approach enforces the
slice isolation but waste already scarce radio resources due to under-utilization. The second
approach has more potential in terms of efficient resource utilization but renders difficult

the slice isolation.

1.2.3 The requests from the Service Providers

The European Telecommunications Institute (ETSI)-NFV [13] has envisioned a centralized
MANO entity for the management of the VNFs and the underlying network resources. Then,
[14] proposes a distributed approach which improves the scalability and reliability of the
management when the number of tenants/slices increases and provides more autonomy to
the SPs in the management of their slice. Specifically, the MANO-NFV is in charge of the
life cycle control of the different VNF's, i.e. the creation, reconfiguration and termination
of the VNF instances. This MANO framework enables dynamic service provision for the

different slices.

There exists an important sequence of decisions in the slice life-cycle as described in Fig.
1.1. The first phase concerns the design of the slice, opening with the request the SP can issue
to the InP. Different forms of SP requests have been envisioned. First, the 3GPP release
13 [15] has introduced the Service Capability Exposure Function (SCEF) which handles the
interaction between the services and the Network Operator (NO). The important phases
of this interaction are the negotiation of the Service Level Agreements (SLAs) in which the
SP specifies its Quality of Service (QoS) requirements, the authentication and secure access
to the network and the charging based on delivered service. Although straightforward from

the SP viewpoint, this high-level form of request is very conceptual which renders difficult
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the mapping of the desired capabilities to the actual network resources. Another type of
request is the thorough specification of the set of desired network functions for the service.
This approach is unpractical for some SPs and constrains the MANO task of the NO, which
needs some flexibility to design its resource allocation policy. Finally, the SP request can
define the desired portion of network capacity for multiple kinds of resources, i.e. radio-
access resources, link capacity, storage and processing, etc. The SP specifies its overall needs
and let the NO flexibly allocate network functions and components to match the requested

capacity for each resource.

The NO is in charge of the creation of the slice based on the request and can operate
admission control to accept or reject the request, depending on the expected profitability of
the corresponding slice. Once the admission control step is over and all the accepted slices
have been created, the MANO task of the network resources begins first with the activation
of the accepted slices, then with the management of the traffic load within each slice. The
third phase consists of the operation of the slice: while monitoring its performance the
NO can deem relevant to re-configure each slice by withdrawing allocated resources being
unused or allocating even more resources due to the high demand profile of the slice. The
SP can also play a decision role in the re-configuration of the slice, by making intermediate
requests for additional resources if need be. The final phase is the deactivation of the slice

when the corresponding network service is no longer active.

An arising issue is to define the extent of the SP’s contribution to the decisions of the
slice life-cycle. The parts of the figure highlighted in red show the opportunities for the
SP to make relevant requests with regard to the slice creation or the slice reconfiguration.
With the anticipated growth of the number of accommodated slices in the 5G networks and
their diversity in terms of requirements, the master NO has the opportunity to host more
slices by giving greater autonomy to the SPs in the slice request and the slice management

processes.

1.2.4 Thesis aims and objectives

The resource allocation problem from the perspective of the NO has been extensively stud-

ied. Researchers have found that the VNF placement is NP-hard [16]. Publications contain
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Figure 1.1: The slice life-cycle

sophisticated solutions on how to design the admission control policy of the NO [17-19],
how to manage the resource allocation [20-22|, how to charge for the leased resources [23].
However, fewer works envision the resource reservation problem faced by the SP. In this
context, the NO makes network resources available in a marketplace and the SPs can re-
quest a certain capacity amount for all their needed resources [24]. The diversity of network
resources — comprising processing, storage and bandwidth — compels the SP to design a
smart resource reservation policy which can maximize the utility of its service and minimize

the price of such reservation.

The nature of the SP request becomes essential to determine the SP reservation policy.
Some works have dealt with a high-level type of request [25-28], where not much than
the slice duration, the desired data rate or overall slice capacity are specified. This would
give to the SP a very minor role in the MANO task of network resources and would not
alleviate the task of the NO. A very detailed reservation request of the SP through an
exhaustive template or about the complete set of needed VNFs has been considered in
[24, 29-31]. However, the required level of detail can make the request unpractical to the
SP. There remains an open field where the SP specifies its resource-wise overall need of
network capacity. We anticipate that this scenario is the best option as it gives to the NO
sufficient insight about the needs of the SP and sufficient flexibility in the allocation process.

This yields the following research question:

RQ1: How can the SP request capacity for the different kinds of resource necessary to the
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operation of its slice/its service?

The RAN functions placement and load balancing constitute an NP-hard problem [32].
Thus, the design of smart requests from the SPs in need of RAN resources becomes imper-
ative. The options of RAN virtualization is either to opt for a share-based approach of the
spectrum between the different slices [33, 34|, or to opt for a reservation-based approach
with dedicated RAN to each slice [24, 35]. In the shared-based approach, the RAN virtual-
ization enables the transfer of sub-carriers from one base station to another, depending on
the profile of the traffic demand [33]. It provides flexible management and dynamic sharing
but does not ensure isolation of the spectrum resources which threatens the reliability of the
slices. The reservation-based approach provides the SP with the same static RAN functions
which yields to over-/under-reservation depending on the SP demand [12]. Only tempor-
ary lease of those functions —through a dynamic marketplace [24]- can counterbalance this
non-optimal usage of already scarce RAN resources. Thus, the following research question

arises:

RQ2: How can the SPs dynamically request dedicated spectrum resources?

Those requests must be made in advance to let the NO prepare the dedicated radio hardware

necessary to the accommodation of desired spectrum/RAN functions.

In cloud computing, the main objective of the cloud provider is to achieve high utilization
of its cloud VM instances to increase their profitability, as proven in [36]. Similarly, in 5G
networks, the NO aims at accommodating more services/tenants, i.e. slices, on its network,
which will lead to a thriving network slicing business |17, 27]. The resource allocation policy
becomes essential to apply a parsimonious and dynamic usage of the resources to host the
maximum number of slices possible. On the other hand, the SP aims at maximizing its
service performance while paying a decent fare for the contracted resources to ensure the
long-term profitability of the delivered service. Both entities pursue compatible goals which
are in accordance with a meaningful and valuable usage of the network resources. Some
works have designed the buying and selling of network resources through auction games
[37]. Another line of search has been to investigate pricing mechanisms [23]. The following

research question arises:
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RQ3: How to manage the economic interaction between the NO and the SP in the leasing

process of network resources?

We expect the network slicing market to operate the leasing of the network resources, with
the NO acting as the broker and the SP acting as the bidder. The NO can leverage the
pricing of resources to promote scarcity or profusion of the resources, with the goal to always
stay in-between so to avoid resource provisioning issues when the resources are too scarce

or profit loss when the resources are barely used.

1.3 Thesis contribution

The main contribution of the thesis is the design of a family of algorithms that enable
the SP to design its online reservation policy of network resources. The solutions can be
found online at our public GitHub repository '. The algorithms are solutions to a model
which progressively grows in complexity, accounting for more variables and parameters of
the network slicing market. All the algorithms are evaluated against strong baselines and

under different network conditions. In detail, our contributions are:

1. C1: this contribution addresses RQ2. The SP can reserve in-advance bandwidth ca-
pacity at the BS. The contribution is the design of the Deep Neural Network (DNN)
and Long Short-Term Memory (LSTM) solutions. Specifically, the solutions output
the reservations for the next h steps, taking account of the MNQO’s feedback about
different traffic traces. The solutions outperform auto-regressive methods, repres-
ented by the sophisticated Auto-Regressive Integrated Moving Average (ARIMA)
baseline, under all kinds of traffic conditions. The solutions drastically reduce over-
reservation, and clearly outperform the baseline for multi-steps ahead reservations.
The MNO and the SP traffic loads are generated from real world data, encompassing
the recorded traffic volumes at various BSs in the city of Shanghai in August 2014.

2. C2: this contribution addresses RQ1 and RQ3. The SP can reserve in-advance and
on the spot multiple kinds of network resources. The contribution is the design of

four solutions to derive the online reservation policy of the SP. At each period,

"https://github.com/jeanbal9

PhD Thesis Jean-Baptiste Monteil
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the SP decides its reservation plan using a primal-dual solution to solve a con-
strained convex problem. Then, the Online Learning Reservations for Slice Orches-
tration (OLR-SO) algorithm complements the basic Online Learning for Reserva-
tions (OLR) solution, allowing the SP to detail its request for all kind of resources.
Both solutions present strong performance guarantees. Finally, the Online Learning
for Mixed Time Scale Reservations (OLR-MTS) and Online Learning for MTS with
Slice Orchestration (OLR-MTS-SO) algorithms allow the SP to contract additional
on the spot resources within the period. The four solutions are tested under station-
ary and non-stationary settings, verifying the theoretical bounds. The parameter
sensitivity analysis demonstrates the robustness of the solutions and allows the SP
to find its optimal budget choice for the purchase of resources.

3. (C3: this contribution addresses RQ1 and RQ3. The SP can reserve in-advance and
on the spot multiple kinds of network resources. The contribution is the design of the
Optimistic Online Learning for Reservation (OOLR) solution, which allows the SP to
incorporate key predictions in its reservation decision model. Then, the association
of the decision algorithm with an online learning for time series prediction algorithm

improves the performance over the Follow-the-Regularized-Leader (FTRL) baseline.

1.4 Thesis outline

The remainder of this thesis is organized as follows:

Chapter 2 — A Review of Related Work. This chapter reviews the existing work
in network slicing relevant to the SP reservation problem, which encompasses reservation-
based allocation problems and slicing market models. It provides insight from the recent
literature on the Online Convex Optimization (OCO) framework we use to derive solutions

for the SP reservation problem.

Chapter 3 — The reservation of radio resources: a cost-reduction strategy for
the SP. This chapter presents the first contribution C1, which answers RQ2. It showcases
the deep learning solutions proposed to solve the problem of spectrum reservation in the

context of virtualized RAN. The solutions allow the SP to request spectrum resources far in
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advance which enables the NO to anticipate the resource allocation policy so to satisfy the
request of the SP and the needs of the other slices/SPs. It focuses on the performance of the
SP decisions in terms of the resulting over- and under-reservation. It explores the impact of
different traffic conditions on our solutions’ performance. For comparison, it considers an

ARIMA baseline model.

Chapter 4 — No-regret slice reservation solutions in constrained OCO. This
chapter presents the second contribution C2, which addresses RQ1 and RQ3. It introduces
the network slicing market which models the economic interaction between the SP and the
NO in the leasing of network resources. Then, it formulates the SP reservation problem
as convex, where the objective is to maximize the service performance while respecting the
budget constraint on the cost of reservation. It develops an online learning solution to de-
cide the online reservation policy of the SP. The derived solution provides guarantees in
terms of regret and constraint violation, which are used in OCO to assess the convergence
to the optimal solution. In the first extension, the reservation encompasses multiple kinds of
resources, which allow the SP to make a complete slice request. Again, guarantees of regret
and constraint violation are given in this slice orchestration case. In the second extension,
the SP can make requests during the reconfiguration phase of the slice. The performance
analysis shows improved results in the case the SP participates to the reconfiguration pro-
cess. Finally, it conducts a battery of tests to assess the sensitivity of the solution to the

different parameters of the model, e.g. the allocated budget.

Chapter 5 — Optimistic online reservation of virtualized resources. This
chapter presents the contribution C3, which addresses RQ1 and RQ3. It introduces a
new convex problem for the SP reservation problem, where the objective is to maximize a
weighted sum of the service performance and the reservation expenses. This formulation
lies under the frame of unconstrained OCQO. The proposed solution that decides the online
reservation policy of the SP is able to incorporate key predictions of the future to enhance
the performance, while providing performance guarantees against arbitrarily bad predic-
tions. The decision model is then associated with a prediction model and the combined
solution shows improved performance over the FTRL baseline algorithm without prediction

assistance.
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Chapter 6 — Conclusions and future directions. This chapter details the conclu-
sions of this thesis and discusses gaps in network slicing still open to new contributions. It

then elaborates on the future directions of this research.

1.5 Dissemination

In this section, we draw up the steps of the work dissemination throughout the course of the
PhD. We separate journal and conference publications and we associate each publication to

the research question(s) it addresses.

Journal

¢ RQ1 and RQ3/C2: J-B Monteil, G. losifidis, and L. A. Da Silva, “Learning-based
Reservation of Virtualized Network Resources,” IEFE Transactions on Network and

Service Management, January 2022.
Conferences

e RQ1 and RQ3/C2: J-B Monteil, G. losifidis, and L. A. Da Silva, “No-Regret Slice
Reservation Algorithms, ICC 2021-1EEFE International Conference on Communica-
tions, June 2021.

e RQ2/C1: J-B Monteil, J. Hribar, P. Barnard, Y. Li, and L. A. Da Silva, “Re-
source reservation within sliced 5G networks: A cost-reduction strategy for service
providers,“ 2020 IEEE International Conference on Communications Workshops (ICC
Workshops), June 2020.

Under Review

¢ RQ1 and RQ3/C3: J-B Monteil, I. Dusparic, and G. losifidis, “Reservation of

Virtualized Resources with Optimistic Online Learning,“ accepted at ICC 2023.
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2 Background and Related Work

In the previous chapter, we provided an overview of the slicing concepts, elaborating on
the advantages of this new architecture but also on its resource orchestration requirements,
while naming its key enabling technologies: SDN and NFV. We envisioned different ways to
reserve a slice, such as selecting from a template or having the verticals to ask directly for
the necessary computing, storage, and networking resources. The purpose of this chapter
is to review the existing work which considers the reservation-based resource management
problems in network slicing or focuses on the economic relationship between the NO owner
of the network and the SP tenant. It also details the literature on OCO, which is the

mathematical framework of our proposed solutions.

2.1 Dynamic resource provisioning, allocation and reconfigur-

ation in network slicing

In this section, we review the works which consider dynamic resource provisioning/ reserva-
tion as the central problem to the creation of network slices. We also mention papers with
resource allocation and slice reconfiguration solutions. With a thorough analysis of virtual
network embedding and the arising challenges in network slicing, [38| insists on the need
of online optimization solutions and network state monitoring and prediction methods to
enable dynamic network slicing. Indeed, we present studies in the sequel which precisely

address network slicing issues with the tools of optimization and machine learning.
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2.1.1 Convex optimization problems

In [39], the authors consider a reservation model for cloud resources, where an entity re-
quests resources in each slot without knowing the actual demand. There are multiple cloud
resource instances, the cost per unit for each of them is fixed and given, while the demand
is drawn from a general distribution. The goal is to minimize the total cost while preserving
the violation error below a threshold. The authors formulate this as an OCO problem with
budget and time-varying constraints (probability of not satisfying the request), and propose
a primal-dual type of algorithm (extending OCO) to achieve asymptotically sublinear re-
gret. In [40], the context is a NFV provider buying VM instances to a cloud operator and
delivering service chains composed of VNFs to customers. The authors design a reserva-
tion model of long-term and short-term VM instances, then used for VNF deployment, and
create a complete online solution - composed of VNF demand prediction and reservation
decisions - with performance guarantees. Although the formulated loss is non-convex, the

authors are able to cast the problem into OCO.

The authors in [20] studied the problem of allocating routing and processing resources
to a set of slices with the goal to maximize a system-wide utility function (a-fair type of
function so to achieve fair allocation across slices). They solved the formulated static con-
vex optimization problem with a distributed approach, where the slice owner decides its
bandwidth demand profile, the SDN controller decides the routing allocation profile, and
the cloud controller decides the processing demand profile. By employing the alternating
direction method of multipliers (ADMM), the authors allowed the three entities to coordin-
ate their decisions for the sake of system operation. [41] takes a more holistic modeling
approach and proposed a static convex optimization framework for embedding VNF chains
(perceived as slices) in a shared network. The key contribution in this work is the very
detailed modeling that allows for accounting for reliability, delay, and other requirements of
each slice (each chain), which are all included in the formulated problem. Although both
[41] and [20] are static convex problems, their polynomial complexity make them viable

frameworks for resource allocation in dynamic settings.

In [42], the slice reconfiguration happens in a hybrid timescale fashion, with a main

scheduler deciding when to apply a fast or thorough reconfiguration. The authors model
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the slice reconfiguration as an optimization problem, where the objective is to maximize
the profit of the network slice customer while minimizing the reconfiguration cost. They
approximate the latter cost function by using the L norm, which casts the problem into
a convex one. The main scheduler algorithm complexity lies in polynomial time, which

renders practical their reconfiguration solution in dynamic settings.

2.1.2 General optimization problems

In [43], a slice reservation mechanism is presented, where a broker allocates sliced resources
to a set of requesters. The resources include base stations; network links; and computing
units. Each request is described by several parameters that include how much of each type
of resource is necessary and for how long time. The decisions of the system are how much
rate to allocate for each request, and whether to use path p for that request or not. These
decisions appear in the objective function that maximizes the rewards from the successful
reservations discounted by the expected resource violation penalties. Essentially, this model
differs from the one in [39] in terms of: using multiple types of network resources from RAN
to cloud; handling both the reward and the penalty of under-provisioning; and solving the
problem exactly using an offline method. The work [44] evaluates the efficiency of sharing
between multiple slices from a common overbooked slice across different network slicing
reference scenarios. The NO guarantees a portion § of the total slice traffic is being served,
while endorses a penalty for violated portion 7 which happens at peak demand due to the

overbooking strategy.

The authors in [17] built their admission control solution of the slices upon a forecasting
module of the required resources by tenants for the future time window. The slice controller
uses the traffic information to decide whether to admit new slice requests by solving a
geometrical knapsack problem. After a thorough complexity analysis, the authors find the
problem NP-hard and provide a heuristic solution with a satisfying performance ratio. The
slice scheduler minimizes the consumed resources within the slice while complying with SLAs
requirements. The forecasting module can adapt its predictions by changing the forecasting
error probability, according to the feedback sent by the slice scheduler. In [45], the authors

essentially extend their previous work [17] by adding a reinforcement learning solution to
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manage the feedback of the slice scheduler towards the forecasting module. In [26], the
tenants issue one slice request with the amount of resource and the time duration specified.
The Network Slice Broker decides whether to admit new requests, ensuring that SLAs are
being met. The authors formulate a Multi-Armed Bandit problem, taking account of the
limited resource budget and the lock-up periods of tenants. Then they design three heuristic

online solutions with regret bounds, and finally give a proof-of-concept.

The focus of [46] is on wireless spectrum that, as the authors explain, has the particu-
larity of being reusable, subject to interference constraints being satisfied, but also is more
unpredictable due to channel variations over time. With advance reservation, the MVNO
reserves sub-channels for a long time period, using estimations of the user traffic and the
on-demand price over the period. Once the MVNO has observed the users’ requests and the
current on-demand price set by the MNO, it decides whether to reserve (or not) on-demand
additional resources. There is also a third stage where the MVNO allocates the channels
to its users. The authors essentially follow a reverse course and find analytical solutions for
the slot and session problems, which then are plugged into the period problem. The latter
becomes a stochastic convex problem, which they solve with stochastic gradient descent. In
[47], the authors propose a hybrid solution for resource provisioning and resource allocation.
The tenant reserves resources in the long timescale and allocates those to the slice in the
short timescale. By operating a series of transformation, the authors are able to cast the two
stage stochastic problem into a deterministic problem solvable with the branch-and-bound

technique.

2.1.3 Machine learning solutions

The authors in [48] present a metric for the resource utilization per slice, and discuss how it
can be predicted using time-series analysis. The metric relies heavily on the usage pattern
of the physical resource blocks. The ultimate goal is that such metrics can be used by the
NOs to slice efficiently their networks. The paper [49] formulates the problem of allocating
dynamically slice resources (radio, computing, storage resources) in order to maximize the

reward of the operator. There are different classes of slices (templates); each class ¢ requires

re
c

re

r c

wi®, and §.¢ units of radio, computing and storage resources; the operator receives
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reward r. each time it admits a slice of class ¢; and the system has hard resource capacity
constraints. There is uncertainty about the demands, and the slicing admission is modeled as
a Reinforcement Learning problem. In [50], the authors employed deep learning to forecast
capacity in a sliced network. The Al solution is a mix of 3-D Convolutional Neural Network
and Multi Layer Perceptron architectures. It takes as input traffic snapshots at various BSs
for one specific slice and outputs the desired capacity at the various data centers for the very
same slice. The authors design a loss function able to leverage between SLA violations due to
under-provisioning (under-estimation of the optimal capacity values at the data-centers) and
unnecessary costs due to over-provisioning (over-estimation). Using a data-driven approach
including c-RAN, Multi-Edge Cloud (MEC) and core networks, the authors outperform
other state-of-the-art deep learning solutions [51], [52]. In [53], the focus is on zero-touch
slicing mechanisms, i.e., fully-automated slicing solutions, from the perspective of the NO
(as in [43]). The goal of any NO is to allocate resources in slices so as to avoid on the one
hand unnecessary assignments (yielding unused resources) and on the other hand minimize
the SLA violations (under-allocations in some slices). Yet, one needs also to account for
the operational costs induced when a slice is initialized and/or reconfigured. In substance,
this paper considers minimum cost slicing by accounting for: resource over-provisioning;
non-serviced demands; resource instantiation/reconfiguration costs. The provided solution

outperforms the previous solution of the same authors [50].

In [54], the InP can accept two kinds of slice, with strict latency constraints or non-strict
latency constraints. The former has a higher revenue/penalty than the latter, which means
it can lead to higher profit if the slice is setup properly, or to higher penalty, if the slice
cannot be accommodated due to a lack of resources, at the radio, transport or cloud con-
troller. The authors design a Reinforcement Learning solution, where an Artificial Neural
Network model is trained to minimize the loss due to slice rejection and the loss caused by
service degradation (when available resources are not sufficient to accommodate the slice).
[55] formulates an optimization problem which aims to minimize the slice embedding and
reconfiguration costs, subject to node computational capacity and link bandwidth capacity
constraints. The cost functions are drawn from [42]. The authors prove the formulated prob-

lem is NP-hard and proposes a Reinforcement Learning approach to take the reconfiguration
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Table 2.1: Papers classification

Problem Optimization-based Machine Learning-based
Resource provisioning [39], [40], [46], [47] [48], [50], [51], [52], [53]
Resource allocation | [20], [41], [43], [44], |47] [49], [50], [53]
Slice admission [17], [45], |26] [49], [54]
Slice reconfiguration [42] [55]

actions.

2.1.4 Section summary

We classify the cited works in Table 2.1, according to the problems they address. The
problems presented in this section are namely resource provisioning/reservation, resource
allocation, slice admission and slice reconfiguration. Some works have addressed the afore-
mentioned problems using machine learning tools. We compare them with the contribution
C1 of our thesis in Table 2.2. Other works have formulated optimization problems and
solved them with relevant methods. We list their details in the Table 2.3, as well as our
contribution C2. Most related papers dealing with resource reservation and allocation in
network slicing have focused on the NO perspective. Fewer works [39], [40], [46] and [47]
have taken the SP viewpoint. Although we also use the OCO framework, our approach dif-
fers from [39] as we consider the prices of the resource instances to be unknown and varying.
In [46], there are assumptions about the MVNO knowing the distribution of the on-demand
prices and the users’ needs, based on which it optimizes its strategy. Unlike this work, we
make no assumptions on this, as in practice this information will not be available; what is
more, probably these parameters will not even follow a stationary distribution and might
be even selected in an adversarial fashion (e.g., by the NO which will try to increase its
revenue). While [40] focuses on the reservation of VM instances in a cloud computing en-
vironment, our reservation scheme encompasses different kinds of network resources across
the infrastructure from RAN to the cloud. [47] considers fixed reservation costs and the
solution has non-polynomial time complexity. We make no assumptions on the prices of

resources and our derived solutions present low time complexity.
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Table 2.2: Machine Learning papers

References | viewpoint | learning method | baseline(s) knowledge
[48] NO LSTM ARIMA | RAN congestion level
[49] NO Q-learning [27, 56, 57 slice requests
[53] NO 3D-CNN [50-52] slice traffic demand
[54] NO reinforcement [43, 58] slice requests
Thesis SP DNN, LSTM ARIMA SP traffic trace
Table 2.3: Optimization papers
References | viewpoint formulation solution knowledge
39 SP OCO Virtual queue fixed, known costs
40 SP 0CO OGD -
[20] NO static convex ADMM -
41 NO static convex expanded graph known costs and requests
42 NO convex after heuristic fixed, known costs
L1 approximation known link and
data center capacity
[43] NO quadratic Benders decomposition | known base station capacity
and heuristic and Gaussian requests
[44] NO integer linear configured version -
programming of [59]
45 NO general problem heuristic -
46 SP nested problems analytical solution known reservation price,
and SGD uniform on-demand price
[47] SP nested problems branch and bound known, fixed costs
Thesis SP 0CO primal-dual -

2.2 Market models in network slicing

To render effective the dynamic resource provisioning framework, the design of business
models or auction mechanisms which characterize the interaction between the SP and the
NO in a dynamic scenario becomes essential. In this section, we review the recent works
which proposed to model the economic relationship between the different third-parties of
network slicing through pricing mechanisms, auctions, business models, requests and ad-

missions, or marketplaces.

2.2.1 Pricing mechanisms and auction-based slicing solutions

Some works [23, 42, 60, 61| have considered resource pricing mechanisms to optimize the
profit of the different participants (the owner and the customers of network resources). In
[60], the authors proposed to maximize the net social welfare of the InP and the virtual

network subscribers by dynamically adjusting the prices of processing and bandwidth re-
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sources. In [23], the Slice Customers and the Slice Provider seek out to maximize their net
profit. The authors also formulate the net social welfare problem, which aims to maximize
the sum of each profit. The authors prove there exist a trade-off between the net social
welfare and the Slice Provider profit. They propose a solution in two phases to adjust the
pricing policy which achieves near optimal solution for the Slice Provider and the net social
welfare problems with reduced time complexity. The authors apply the same pricing mech-
anism in [42| while focusing rather on slice reconfiguration than slice dimensioning. In [61],
the competition occurs between the MVNOs which try to acquire slices from the network
owner. The authors use a congestion game model and find the Nash equilibrium not equal to
the social optimum. They also provide a pricing policy that the network owner can leverage
to optimize its profit. The pricing policy is adaptive to the demand, i.e. if the number of
mobile users increases then the price of radio resources increases proportionally. In contrast
to these works, we do not make any assumptions on the pricing mechanisms as this policy
can only be decided by the owner of the network, i.e. the NO. Moreover, we foresee that
the pricing policy may depend on multiple latent factors thus causing non-stationary or
even adversarial variations of the resource prices. Consequently, we will deem the latter as

unknown and time-varying variables in the SP provisioning problem.

Other works [62-65| proposed auctions to model the interaction between the owner and
the customers. [62| provides an overview of auction theory and auction theory-based slicing
solutions. The authors first define network virtualization in the context of wireless networks.
Then, they detail the auction theory framework, before showing how it can be applied to
model the interaction between the InP and the SPs bidding for virtualized resources. In [63],
the SP receives bids from the users and is in charge of the VNF deployment to accommodate
the accepted bids. The authors formulate the social welfare problem to jointly maximize
the utility of the SP and the users participants of the auction. The utility of a user is
the bidding price minus the payment price if accepted and zero otherwise. The utility
of the SP is the revenue from the payment of accepted users minus the resource operation
cost. The formulation also takes account of the various link capacity constraints (inter-zone,
upload and download). Then, the SP calculates the payment price for all VNF deployment

strategies and select the one which maximizes the winning bid utility. Note that the SP
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only accepts bids which show non-negative utility and do not exceed capacity constraints.
In [64], a slice is composed of multiple VNFs and the data centers provide available network
resources of different types (storage, bandwidth, etc.) to host those VNFs. Halabian defines
the demand vector which specifies the amount of resources necessary to provide a unit of
wireless service for one unit of time and then defines the slice as the demand vectors for
each VNF that composes the slice. Halabian then introduces the slice thickness which
precises the number of wireless service units that can be executed in one unit of time.
The author formulates the system utility problem and designs an auction game between
the slices and the data centers, where the slices bid for the network resources and seek to
maximize their own utility. The author proves the Nash equilibrium is not distinct from the
optimal solution of the system utility problem. Finally, the author studies the case where
slices are non-collaborative, i.e. they lie about their demand vectors. [65] proposed an
auction for resource allocation in slices. The resource model is quite simplistic, considering
network chunks that are combined linearly to support different slices. Unlike these works,
we consider a dynamic pricing scheme, that does not require to organize and run any type of
auction, hence it is more practical/applicable, and follows similar solutions that have been

successfully applied in, e.g., cloud computing ecosystems.

2.2.2 The network slicing market

Recent works have proposed new business models to enable the interaction between the NO
and the SPs [27, 66-68]. [66] defines a market to enable the creation of end-to-end (E2E)
network slices in a dynamic manner. A blend of resources across multiple domains are
available in the marketplace and the different network entities take actions so to orchestrate
the slice creation and lifecycle. The goal in [27] is to maximize the InP revenue by performing
slice requests admission and to ensure the SLAs are being satisfied for admitted slices. In
its request, the tenant must specify the slice duration, the traffic type of the slice either
elastic or inelastic, and the slice size. Only spectrum resource is considered for the slice.
The InP then receives constant payoffs p; and p. for admitted inelastic and elastic slices.
The authors model the dynamic problem as a Markov Decision Process and provide two

reinforcement learning solutions. In [67], the same authors improve the Q-learning solution
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by adding a neural network entity which trains to reduce the error on the estimated Q-values.
[68] leverages the blockchain technology to enable dynamic and secured trading exchanges
on the resource ownership from the infrastructure to the tenants, with the introduction of
intermediate brokers in charge of the transactions. Specifically, each intermediate broker
manages a consortium where admitted tenants can trade resources. The designed slicing
brokerage solution can include multiple types of network resources, which unleashes E2E
network slicing. For the system to remain secure, the tenants must be admitted by the
InP itself. Other papers have investigated blockchain as a mean to build a marketplace for
network slicing [69, 70]. [69] investigated how to apply the blockchain technology to the
network slice broker concept presented in [3]. [70] implemented a small network of VMs

which act as peers to validate transactions.

Another line of work is to draw ideas from successful cloud computing marketplaces
[71-74] that offer both in-advance reservation and on-the-spot bidding opportunities for
computing and storage resources. Prior works that focus on such hybrid cloud market
models have studied spot pricing models and devised intelligent bidding strategies for the
buyers [36, 75-78|. In [75], the goal is to minimize the average cost of job completion while
meeting the deadline for the job to be completed. The authors distinguish two types of
jobs: the serial job where the tasks must be completed in a specific chain, and the parallel
job where any task can be completed, thus allowing to use multiple VMs in parallel. For a
parallel job, they derive an analytical solution for the dynamic VM bidding strategy which
is optimal. In [76], the authors proposed to analyze the volatility of the spot markets by
using inequality indices and moving averages as statistics. Then, they provide a formula to
choose the smallest bid price with probability « of acceptance. In [36] the users place bids
to reserve cloud resources for executing certain long tasks, aiming to minimize their costs
while ensuring task completion over successive bidding periods. The main idea is to employ
a hidden Markov model for tracking the evolution of spot prices; however, the analysis
relies on the user needs complying to certain statistical assumptions. Similarly, in [77] an
interesting bidding approach is considered where the users try to infer the pricing strategy
of the cloud provider and bid accordingly in a spot market. Against the tide, the authors

in 78] showcase that bidding strategies need not to be sophisticated to provide satisfactory
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results. This is mainly due to the wide number of spot markets available which guarantee
to the bidder a constant access to cloud resources at a low and stable price. The strategy of
the bidder should consist of selecting a high bid price and seeking a new spot market with

lower price when an instance is revoked.

2.2.3 Section summary

Some works have designed pricing mechanisms to control the resource usage. This is a good
leverage to avoid both under-utilization of resources leading to non-profitable 5G sliced
networks, or over-utilization which yields violations of SLAs and impacts negatively the
QoS of the slices. In our work, we do not model such pricing mechanism as its decision-
making only belongs to the NO, owner of the network. On the contrary, we aim to design a
reservation policy from the SP viewpoint which is robust to any type of underlying pricing

mechanism.

Other works have designed auction games to model the competition between the SPs
for the acquisition of resources. Papers notably look at the existence of Nash equilibria and
their price of anarchy. Though relevant, we do not use this game theory modeling, as we
consider the SPs can make reservation requests while ignoring the prices of resources, which

change dynamically according to non-stationary or even adversarial patterns.

Finally, we expect the network slicing market to follow the design of cloud marketplaces,
where the customers can request resources in-advance or on-the-fly through spot opportun-
ities. We aim to design dynamic reservation policies incorporating both types of requests,

by considering a two time-scale approach.

2.3 Background on OCO

In online learning [79], a learner has to take a decision @; at each round ¢. At the time of
the decision, the learner does not know the incurred loss fi(x;), only revealed by nature
after the decision. The learner repeats this process of decision and observation and tries by
its successive decisions to minimize the overall incurred loss, which is Zle fe(x), where

T is the duration of the learning time, also called the horizon. In OCO [80], the decision
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x; must belong to a bounded convex set X C R", and the loss function f; : X — R must
be convex and bounded over X. The learner aims to minimize the overall loss Zthl fe(xy),
without knowing the losses { ft}le which can possibly be chosen by an adversary. Two
questions arise: how the learner can design an effective algorithm which takes relevant
decisions and how to assess the algorithm’s performance? In this section, we propose to
the reader a summary of the different algorithms available in the OCO literature as well as
their performance against the regret and constraint violation metrics that we define in the

sequel.

2.3.1 Static regret

Zinkevich [81] introduced in his founding paper of OCO the regret metric to measure the
performance of an algorithm A which helps the learner to make the decisions x; at each

round. The static regret definition is:

T

T
Ry (A) = th(a?t) - afcnelgz fi(x).
t=1

t=1

Concretely, the regret measures the difference between the incurred cumulative loss of A
against the cumulative loss of the optimal static solution with full hindsight, i.e. x* =
arg mingex Zthl fi(x). The goal is to achieve a sublinear regret, which means that the
algorithm A performs no worse on average than the optimal static solution. In other words,
one aims to achieve R%.(A) = o(T), i.e. limp_ oo R5(A)/T = 0. This ensures the learning

algorithm A asymptotically converges to the optimal solution. Designing such algorithm

requires a few assumptions which are imperative in OCO:

e The feasible set X is bounded, closed, nonempty and convex.
e The functions {f;}]_; are convex and differentiable.
e The gradient of each f; is bounded, i.e. there exists some constant G such Va €

X, ||V fi(x)|] < G. This is equivalent to f; being G-Lipschitz continuous.
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For instance, the online gradient decent algorithm [80], also called Greedy Projection [81],

which consists of the update:

i1 = mx(xe — eV fi(xy)),

where 7y is the projection operator onto the convex set X' and 1, is the step-size at round ¢,
shows a (’)(\/T) regret, hence a sublinear regret. The regret is further reduced to O(logT')

in the work of Hazan et al [82] for strongly convex and exponentially concave functions.

2.3.2 Constrained OCO

A convex constrained problem is a problem where the goal is to minimize the objective

function subject to some equality and/or inequality constraints [83]:

min  f() (2.1)
st. Vi=1...m, gi(x)<0 (2.2)
Vi=1...n, hj(x)=0 (2.3)

The functions f, g; and h; are all convex. Our thesis restricts the general convex constrained
problem to the case of an objective to minimize with inequality constraints. Even more,
the inequality constraints can be occasionally violated as long as the long-term inequality
Zle g(xy) = 0 is respected. This case falls under the scope of constrained OCO, which is
the framework of the main solutions presented in this thesis. In this subsection, we propose

to detail the related literature within constrained OCO.

Mahdavi et al [84] proposes to solve the following problem over 1, ..., x7:
T T
i — mi 2.4
ml.%l?ex ;ft(wt) glel}cl ;ft(‘n)a (2.4)
T
st Y gi(m) <0, i=1...m, (2.5)
t=1

where K = {x € X : g;(x) < 0,i = 1...m}. We make three important remarks on this

problem:
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e the regret is static;

e the constraints g; do not vary over time;

e the benchmark must abide to a more stringent constraint (x € K), while the solution
of [84] only needs to respect the long-term constraint 3.1, g;(2;) < 0, which means

occasional violation is permitted.

The provided solution based on a Lagrangian method (with primal/dual update based on

gradient descent /ascent) achieves a O(T"/?) regret and O(T®/*) constraint violation, i.e.:

T T
> fulm) — min > filz) = 0(TY?) (2.6)
t=1 t=1
T
> gilm) =0T, i=1...m. (2.7)
t=1

In the special case of linear constraints g;, the authors provide a mirror-based method that
achieves O(T?/3) regret and O(T?/?) constraint violation. Jennaton et al [85] addresses the
same problem and provides a solution that achieves O(T™>{51=8}) regret and O(T1~#/2)
constraint violation, where /3 is a tunable parameter which allows the authors to trade-off
between regret and violation. They achieve such improvement by introducing more elaborate

step-sizes and regularizer in the Lagrangian.

One way to enrich the previous scope is to consider time-varying constraints. Victor et
al [86] try to address the following problem:

T T
min Y f(z) - min Y fi(x), (2.8)
t=1 t=1

xy..e7EX TEXmax

T
st > gi(x) <0, (2.9)
t=1

where X = {x € X - Zthl gi(x) < 0}. This benchmark is stronger than K as now
the oracle has the possibility to violate the constraint as long as the long-term constraint
ST gi(z) < Oisrespected. [87] has proved that it is not possible to get sublinear regret and

constraint violation against such benchmark. Hence, most papers [88-90] have addressed
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the weaker benchmark:

T
min th(a:), Xmin ={x € X : ge(x) 20, Vt=1...T} (2.10)
=1

weXmin

In [86], the authors prove that obtaining sublinear regret and constraint violation is possible
against a benchmark that lies in a set X such that X,,;, € X C X4e- Nevertheless, the

authors consider varying constraints with only linear perturbations.

Liakopoulos et al [91] creates the K-benchmark defined as:

T t+K—1
i . Xg={rex: <0,1<t<T—K+1). 2.11
mp YAl@) Xe={zeX: Y oile) +1h @1

The authors provide a solution with a O(T~¢/?) regret and O(T"~¢/*) constraint violation
against a T'~¢-benchmark, where ¢ > 0 is a tunable parameter. Instead of a primal-dual
approach, the authors design a virtual queue which buffers the violations. By bounding the
Lyapunov drift of the virtual queue plus the loss and smoothness terms, the authors are
able to provide an upper bound on the regret and constraint violations. Following the same

kind of methodology (Lyapunov drift bound), [39] provides the same guarantees.

2.3.3 Dynamic regret

Another line of research assesses the learning policy using the dynamic regret metric, defined

as:

T T
RE(A) =Y fulae) =Y fula),

where xf is one minimizer of the dynamic benchmark, i.e. the optimal solution of the

following convex problem:

min  fy(x), (2.12)
st. gi(x) <0. (2.13)
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It is quite evident to see that the dynamic benchmark is stronger than the static benchmark:

vt,  fi(zr) < fi(x”) (2.14)
T T
& D @) < Y filaY) (2.15)
t;1 t_1T
& =) @) < =) fila)) (2.16)
t=1 t=1
& RH(A) < RLA). (2.17)

Hence, if an algorithm A achieves sublinear dynamic regret, it will also achieve sublinear

static regret.

Zinkevich [81] defined the dynamic regret in his founding paper and also provided an
upper bound within the context of unconstrained OCO by using the online gradient descent
method. Specifically, Zinkevich defines the path length of the dynamic sequence {x;} }thl
as:

T-1
Ly = Z ||t — 74 l2,
=1

and shows that the online gradient descent can achieve a O(Lyv/T) regret. [92] improves
the bound to O(Ly) for the case of strongly convex and smooth functions. Although it is
not possible to achieve a sublinear dynamic regret bound, one can still express the bound

in terms of the path length. [93] introduces the squared path length:

T-1
Sr= llef — 23,
t=1

and reduces the dynamic regret bound to O(min(Ly, St)) in the case of strongly convex
and smooth functions, which is quite an improvement as Sp can be much smaller than Ly
if the local variations of the dynamic sequence are small. [94] provides a O(Lr) bound for
convex and smooth functions, given that the x}’s are interior points of X'. Other regularities
than the path length or the squared path length have been introduced, like the functional

variation in [95]:

T
F(hiseon fr) =) max|fi(@) - fia(@)],
t=2
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or the gradient variation in [96]:

T
G(fr, oo fr) = 3 max ||V fi(@) = Vi (@),
t=2

The range of regularities allows to choose the algorithm that provides a bound with regard

to the smallest regularity for the problem at hand.

In the context of constrained OCO, Giannakis et al [1]| consider the dynamic regret and

fit metrics defined as:

T

T
RE =Y film) = > fil=)), (2.18)
t=1

t=1

T
. +
Fitp = H [th(mt)] ) (2.19)
t=1
where g, is the vector of m time-varying constraint functions at round ¢, and [T nullifies
the negative entries of the accumulated violation vector 2;{21 g+(x¢). The authors express
the dynamic regret and fit bounds in terms of the path length and of a new regularity, the

accumulated variation of constraints defined as:

T
V({gi}izy) =D _max|llge (@) — gi(@)] |l

They achieve a regret bound of O(max{LrT"3 V ({g:}_,)T*/?,T?*?}) and a fit bound
of O(T?/3), by setting the step-sizes to T~/3. Their solution is a modified online saddle
point method, where the primal update consists of minimizing the Lagrangian, and the
dual update is a gradient ascent. The validity of their proof relies on the Slater’s condition
and another condition on the slack constant, called strong Slater condition. We give the
definitions of the weak and strong Slater conditions in chapter 4 and we detail the importance
of such conditions in the Appendix. Liu et al [97] improve the results of [1] in terms of regret
and constraint violation bounds and provides an algorithm that generalizes to the bandit
feedback settings. In the latter, the learner does not know the full gradient feedback, but
only a single point [98] or multiple points [99] of the loss and constraint functions. The

authors in [97] provide a regret bound of O(v/T'Ly) and a constraint violation bound of
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O(T?’/ 4L;/ 4), under the assumption that both T" and Lt are known so that the step-size n
can be set to \/m, and the path length is sublinear, i.e. limp_o, L7/T = 0. On the
other hand, the proof does not need the Slater’s condition to hold. Johansson et al [100]
propose a distributed online optimization algorithm and provide two regret bounds with and
without the Slater’s condition. They achieve sublinear regret and fit in both cases, given
that some regularity on the regularized Bregman projection of the dynamic sequence grows
sublinearly. In [101], the authors provide both sublinear dynamic regret and constraint
violation without the Slater’s condition, given that the regularities are sublinear. They
also preserve their solution’s performance in the case the time horizon 7' is unknown by
using a doubling trick. The provided bounds depend on the horizon 7', the path length
Lt and the accumulated variation of constraints V ({g;}/_;): O(max{v/TLz,V({g:}\—1)})
for the regret and O(max{v/T,V ({g:}L_,)}) for each constraint violation. Then, using the
strong Slater’s condition (with the additional condition on the slack constant), the constraint
violation bound reduces to O(1). The solution is a primal-dual approach similar to the one
of [1]. In [102], the authors provide tunable bound of O(max{T°Ly, T'~%}) for the regret,
with § € (0,1). With the Slater’s condition, the constraint violation bound reduces from

O(T*9/2) to O(max{T"~%,T%}). We provide a summary of these works in Table 2.4.

2.3.4 Section summary

OCO is a new mathematical framework introduced by Zinkevich in 2003 [81] which provides
strong performance guarantees under basic assumptions on the feasible set X and the losses
{f:}L,. The regret metric allows the learner to assess the performance of its online policy.
There are multiple types of benchmark, which prove to be more or less tight comparators

for the regret: static benchmark, dynamic benchmark, optimal in hindsight policy.

Constrained OCO is a practical extension where convex constraint functions are added
to the problem at hand. It constitutes a great framework to assess the performance of online
optimization solutions. It meets the needs of many applications in the network slicing area,
like resource provisioning [39, 40|, or resource allocation [1]|, problems where the learner tries
to maximize a utility function under capacity constraints of the network resources, which

are inherent to 5G networks.
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Table 2.4: Constrained OCO overview

References | Regret type Benchmark Regret, fit bounds
[84] static Xonin o(T'2), 0(T3/%)
[85] static Xoin o118}y O(T1-P/?)
[86] static Xpin € X C Xz O(Tmax{e1=eh) O(T*)
[39, 91] static Xk O(T'=</2), O(T'=</%)
[1], thesis dynamic | Xpin, strong Slater | O(max{LyT3,V ({g:}1_,)T'/3,T?*3}),
O(T2/3)
[97] dynamic Xomin, no Slater O(TLry), O(T3/4L1T4)
[100] dynamic Xmin, no Slater O(max{T" Ly, T™>-wA1) O(T1-4/2)
Slater idem, OQ(Tmax{1-r.x})
[101] dynamic Xpnin, 10 Slater O(max{vTLr,V({g:}_1)}),
O(max{vT,V({g} o))
strong Slater idem, O(1)
[102] dynamic Xmin, no Slater O(max{T? Ly, T'=%}), O(T'/2)

Slater

idem, O(max{T"' %, T%})

Within dynamic constrained OCO, many solutions [1, 97, 100-104] have provided a

dynamic regret bound expressed in terms of the horizon T" and the regularities of the prob-

lem. These solutions provide sublinear regret and constraint violation guarantees only if

the defined regularities are as well sublinear. The differences between these solutions are

about the assumptions they make (some achieve similar results without the Slater condition

[97, 100]) or about the values of the step-sizes (some can design the step-sizes with unknown

time horizon for instance [101]).

Our contribution lies in the application of the dynamic constrained OCO framework to

resource provisioning problems in network slicing. Our solutions are similar to some recent

works [1, 101, 102| using a primal-dual optimization methodology and are designed to the

specific resource reservation problem faced by the SP.
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3 The reservation of radio resources: a

cost-reduction strategy for the SP

This chapter presents the contribution C1 which addresses the research question RQ2. The
paper associated with this contribution is “Resource Reservation within Sliced 5G Networks:
A Cost-Reduction Strategy for SPs” and was presented at the IEEE International Conference

on Communications (ICC) Workshops, in June 2020.

3.1 Introduction

As described in the Introductory chapter, the RAN virtualization offers two main approaches
which are namely the sharing approach where the spectrum is dynamically shared between
the SPs and the reservation approach where each SP can access to dedicated spectrum
resources. We envision the in-between scenario where the SPs request dynamically the
spectrum resources for each slicing window, which represents a unit time for RAN slicing
[105]. The SPs can serve their evolving demand based on the shared spectrum and the

dedicated requested spectrum chunk.

Consequently, the SP has access to two types of resources, representing portions of the
overall MNO capacity: guaranteed resources, and unreserved resources available on a best-
effort basis. Guaranteed resources are those that the SP booked in advance, while best-effort
resources are portions of the spare capacity (after we account for the pre-reserved resources)
shared between multiple SPs. The guaranteed resources will come at a higher cost, and
therefore, to minimise its costs, the SP is inclined to reserve resources only when it expects

that best-effort resources will not suffice
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The contributions of the work presented in this chapter are listed as follows:

1. We envision a network model comprising a set of base stations and a reservation
model for virtualized RAN resources, which implies bandwidth capacity at the base
station in our specific case.

2. We define the optimal reservation policy in terms of the network capacity and the
traffic loads encountered by the MNO. The SP does not have access to such inform-
ation but can infer its reservation decisions based on the MNO’s feedback it receives
at each time-step, which comprises the amount of best-effort traffic, the delivered
traffic and undelivered traffic of the SP.

3. We propose two supervised solutions able to output the reservation decisions of the
SP for the next h time-steps. We feed into the neural network architecture of our solu-
tions the historical data the SP possesses (past best-effort, delivered and undelivered
traffic) and its past reservations.

4. We train the solutions offline and evaluate them in an online environment. We
emulate different network traffic conditions to assess the performance of our solutions
under all circumstances and we compare them to an ARIMA baseline, which possesses

ideal information of the network capacity and the historical traffic loads encountered

by the MNO.

To the best of our knowledge, this is the first time supervised learning solutions, namely
a DNN and a LSTM are proposed to assist the SP in designing its online reservation policy.

We refer the reader to the Table 2.2 for more details on the literature.

This chapter is structured as follows. We open with the network model description and
the definition of the different traffic traces which determine the reservation rules. We then
derive an expression for the optimal reservation policy and define the reservation policy of the
SP. Then, we thoroughly describe the architecture of our supervised solutions and discuss
the choice of the hyper-parameters. We also explain the two-phase learning approach, where
the solutions are trained offline with access to historical data and then loaded in an online
environment. Finally, we validate our solutions against real-world traffic data and under
different traffic conditions. We compare the obtained results to the ARIMA baseline. We

conclude the chapter with a discussion of the obtained results and the potential extensions
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capacity

k k+1 time

Figure 3.1: A SP can reserve bandwidth capacity (blue square) at the base station for its demand
(blue signal) coming from User Equipments (UEs) using its service.

of the reservation model.

3.2 System Model

3.2.1 Network Model

We consider a single MNO with its physical network simultaneously serving the traffic
demands of multiple SPs. We outline the model considering a single base station; the
solution presented here can be replicated at multiple base stations. The base station has
limited capacity, which we denote as c. We represent the total traffic demand faced by the
base station as a time-series signal consisting of two components: the first component is the
traffic demand related to the SP of interest; we denote this as s, with k& € N representing
the k-th time-step . The second component is the aggregate traffic demand of all other
SPs that are tenants of the network, denoted as [;. Throughout this chapter, we will refer
to s as simply the SP traffic and to [y as the MNO traffic. Note that we measure both
traffic and ¢ in bytes/time-step. We refer to Fig. 3.1 for a visual description of the system
model. Furthermore, we denote the past sequences of traffic for [, and sj, respectively, as

the vectors lg = [l1, ..., k] and sg = [s1, ..., Sk, with K representing the current time-step.

3.2.2 Reservation Decisions

The SP can reserve resources in advance and the MNO will ensure that those resources will

be available when needed. The SP can also rely on resources that will be available in the
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network on a best-effort basis. Note that when the SP relies on the best-effort approach,
there might not be enough resources available to serve all of its traffic demands, especially
during periods of peak traffic. At time-step k, the SP leases for the next h time steps a
given amount of guaranteed resources, which we model as a portion of the overall capacity
Tk = [Tk+1s ..., Tk+n). Therefore, the next reservation decision will occur at time-step k + h.

A time-step can range from a few minutes to a few hours in a dynamic reservation system.

We assume both ¢ and [; are unknown to the SP, as the MNO may be reluctant to
share this information in a real-world context. Instead, the SP must rely on other signals,
including its delivered traffic, d, undelivered traffic, ug and the portion of its traffic that
was served on a best-effort basis, by, as summarised in Table 3.1. The delivered traffic
includes the SP’s reservation and its traffic served as best-effort. If the aggregated traffic
from all SPs is less than the capacity of the network, then all of the SP traffic is delivered.
If the aggregated traffic is greater than the capacity, the delivered traffic corresponds to the
reservation 7 plus the resources that are available on a best-effort basis, equal to ¢ — I.

Table 3.1: System model equations

if s+l <c if sp +1p >c

dy, = s, di, = min(max(c — lx, + 7k, Tk), Sk)
up =0 U = S — dg

by, = maz(dy — rk,0) | by = max(dy — rg,0)

Additionally, in Table 3.2 we list the complete information which the SP possesses,
including its own past traffic demands, sk, and past reservations rg, and how much of its
traffic has been served in the past.

Table 3.2: Summary of SP knowledge

Known to SP: sk, Tk, dx, ug, by

Unknown to SP: | ¢, lx

Guaranteed resources, i.e. those reserved in advance by the SP, come at a higher cost
than resources that are made available to the SP on a best-effort basis. Thus, the SP is
motivated to minimise its reservation of resources, if it believes that there would be sufficient

capacity in the network to serve its traffic as best-effort. We also assume that, the farther
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in advance the SP makes a reservation, the cheaper that reservation will be, and therefore

if the SP is to make a reservation it will try to do it as far in advance as possible.

In Fig. 3.2, we depict some possible scenarios of traffic load experienced by the MNO
and reservations by the SP. For each case, we indicate a hypothetical reservation r; and

the resulting portion of the SP traffic that is treated as best-effort.

over under
reservation reservation
r > AT SE—
A " A ’”*k A ’”*A rk_l_n V*k
_______________________________________________________ c
Sk s Sk Sk
-‘é’ A
3]
3 A y s A A
& ’ oy
3 A
Iy I Ik I
R
b = sp- 1 b =10 bp=c-1I

Figure 3.2: Example reservation policies for various edge cases of our model.

We summarise the key assumptions as follows:

Assumption 1. When the SP reserves guaranteed resources, these will get allocated regard-

less of the network load. !

Assumption 2. “multi-steps-ahead reservation™ At each time step, if needed, the SP can

reserve resources for the h next time-steps.

Assumption 3. At each time k, the spare network capacity allocated on a best-effort basis

to the SP of interest is what is left after all other network traffic is served, i.e. max(min(sg—

Tk,C— lk),O)

3.3 Problem Formulation

The objective of the SP is to avoid over or under reservation of MNQO’s resources, while

getting its traffic served. When the reservation surpasses the optimal value, resulting in

!The MNO can exercise admission control, and only accept reservations that can be met with its available
capacity.
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over-reservation, the SP incurs higher cost than necessary, as a portion or all of its traffic
could have been served with best-effort resources. In the case of under-reservation, the SP
does not reserve enough resources and therefore a portion or all of its traffic is not delivered.
The SP aims to make reservations that avoid both unnecessary guaranteed resources and

undelivered traffic.
We can formulate the optimal reservation as follows:
Lemma 1. Vk € N, let ¢ — I, be the MNQO’s capacity availability; then, the optimal reser-

vation policy for the SP is rji = 0 if s, + I, < ¢, and rj = min(min(sy — (¢ — lx), sk), ¢)

otherwise.

N A
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Figure 3.3: Graphical example of the SP’s reservation problem we address in this chapter.

We illustrate the decision making problem faced by the SP in Fig. 3.3. The SP must
reserve for the future time-steps, without the knowledge of the MNO load and the MNO

capacity. We can now formulate the problem as follows:

Problem 1. At time-step k, if needed, make a reservation for the next h time-steps so as

to minimise the expected Mean Square Error (MSE) Z;‘:l |7kt — ""Z+j’2-

As indicated previously, we assume the SP does not have access to the MNO traffic load
I or the MNO capacity ¢, and therefore the SP must base its decision on its past history of
reservations and how much of its traffic has been served, i.e., on by, dx and ux. We note

that the biggest difficulty resides in the prediction of future availability of excess capacity,
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as both ¢ and [}, are unknown, whereas the prediction of future SP demand can rely directly
on Sg. As di + up = sk, we include only the signals sy, rg, ux and by in our final solution,

described in the sequel.

We adopt supervised machine learning in our solution, due to the following reasons:

e The SP faces a prediction problem with exogenous data from sg, by and wug. In
comparison to unsupervised learning, supervised methods are generally more robust
and successful at extracting patterns from exogenous data.

e We have an exact solution for the optimal reservation policy, 7}, for all k. By having
access to a data set consisting of multiple weeks of recorded data, we can construct the
necessary labels 7 = [}, ,...,7},,] and signal traces that are required in training
a supervised Machine Learning (ML) model based on our previously defined loss

function in Problem 1.

3.4 Proposed solutions

In this section, we describe the two proposed solutions the SP should adopt to address the
resource reservation problem we defined in Section 3.2. In the first subsection, we specify
in detail how the SP can employ the DNN-based solution. In the second subsection, we
explain how the SP can make use of an LSTM model. Finally, in the third subsection, we
describe the framework we developed that would enable the SP to use our solution in real

network deployments.

3.4.1 DNN model

Our first solution adopts a DNN architecture. The previous work of [106] has demonstrated
how a sliding window technique can be used on time-series data to capture temporal cor-
relations with DNN models: the moving window generates sequences that are fed as inputs

to predict the next time-steps’ reservation values.

In our model, we use ¢ to denote the length of the past sequences, i.e., the length
of skq = [Sk—g+1,---»8k], for all £ < K, and the k-th sequence sample we denote with

Thg = [SkqsThg> Uk,q:brgl. Using these samples, we construct a two-dimensional matrix
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Input Hidden Hidden Output
Layer Layer 1 Layer 2 layer

Figure 3.4: DNN structure.

with dimensions (< Ty >,4q), where < T, > represents the number of used samples, and

employ the matrix as an input to the DNN.

We visualize the structure of our neural network with two hidden layers in Fig. 3.4. We

can write its output as:

[Pt 1s oo Thn] = fy[f/],b o ‘[42/]71) o V[xlz],b(mk,q), (3.1)

where W is the matrix of weights, b the vector of biases, and f the activation function at

each layer.

We have selected the gradient descent method to update the weights and biases of the
architecture. In our DNN architecture, there are 4¢ input neurons, 50 neurons in the first
hidden layer, and 10 neurons in the second hidden layer. The output layer has h neurons,
corresponding to the predictions for the next h time steps. We use tanh activation functions

for all layers, except for the last layer, which uses a sigmoid function.
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<Tx>

A
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4
Figure 3.5: LSTM input tensor.

3.4.2 LSTM model

We designed the second solution using an LSTM model [107], which is a type of Recurrent
Neural Network that has proven to be highly suitable for time series forecasting [108]. We
use the same sequences that we generated previously for the DNN solution. For the LSTM
model, we convert the x , super vector into a 3D tensor, represented in Fig. 3.5, with
shapes (< Ty >,4, q) corresponding to the number of samples, number of input time-series

and sequence length, respectively.

The first hidden layer of type LSTM outputs to a fully connected layer with ten neurons.
The output layer has h neurons, corresponding to the predictions for the next h time-steps.
The activation functions used are tanh, followed by sigmoid for the dense layers. Both our
neural network models are trained using the Adam optimiser [109] and the loss function
defined in Problem 1. Additionally, the learning rates we use are 0.01 for the DNN and

0.001 for the LSTM.

3.4.3 Development of the framework

In Fig. 3.6, we provide a high-level overview of the process the SP has to follow during the
training phase and how it can then transition to use it in the online phase. In the training
phase, we use the signals sg, [ and ¢, in accordance with Lemma 1, to calculate the optimal
reservation labels at each time-step k of our data set. During the training phase, we use

only the signals sg, ug, br, 7r as inputs to the model, recalling that these are assumed to
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Figure 3.6: System model for reservation decision making.

be the only signals available to SP in a real-world context. We construct r; as a random
trace within the range [0, max(sy)| at each time-step k of our data set. Furthermore, we
extract up and bg using the equations we listed in Table 3.1. During the online phase, the
SP obtains the real-time values for signals uj, and by at each time-step k, which the SP then
combines with r; and s, in order to predict the future reservations. The predicted outputs
ri are fed back as input into the model to perform the next predictions. We initialise the

first sequence for rp at max(sy) during this phase.

3.5 Validation

In this section, we validate our solution using real-world data collected in the city of Shang-
hai. To evaluate the effectiveness of our solution we designed a baseline approach using an
ARIMA model. Then we compare our two proposed solutions with the baseline according to
three metrics, namely MSE, over-reservation and under-reservation, and over three distinct

use cases, low traffic, medium traffic and high traffic conditions.
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3.5.1 The data set

The data set we use contains the aggregated traffic volumes seen across 20 base stations
owned by a major MNO within the city of Shanghai, see Fig. 3.7. For each base station,
traffic volumes have been recorded over a one-month period, spanning from Friday 1 August
2014 00:00 to Sunday 31 August 2014 23:50, with each recording averaged over a period of
10 minutes. Hence, there are 6 measurements per hour and a total of 4464 measurements
for each base station over this period. We use 14 base stations to train and test the models,
and 1 base station to evaluate the model. We split the data into training and test sets. The

training set consists of 90% of the data points, while the remaining 10% we use for testing.

In order to train and evaluate our proposed solutions, we are required to extract signals
from our data set corresponding to the MNO traffic I, the capacity of the base station ¢
and the SP traffic sp. We use the aggregated traffic volumes of the MNO of Shanghai as
the MNO traffic l;. We model the SP signal as a percentage of the MNO traffic plus a
noise term. In this case, we have chosen a percentage of %, as we expect the MNO to host
between 5 to 10 other SPs on its network. We also add Ornstein-Ulhenbeck noise instead

of white noise, as we can see from Fig. 3.8, as it is more realistic to have correlated noise,

as opposed to independent spurious noise.

By varying the base station capacity c, we are also able to simulate three use cases: low
traffic, medium traffic, and high traffic. For example, by selecting ¢ as the 70th percentile
of the MNO traffic, we evaluate the case that 70% of the MNO traffic data points is less or
equal than c. By selecting ¢ as the 90th, 80th and 70th percentiles we are able to simulate

low, medium, and high traffic, respectively.

3.5.2 Technical implementation

The code related to the architecture of our solutions is available to the community in our
public GitHub?. Fig. 3.9 provides an overview of our system architecture that we aim to
describe with more details in this subsection. We develop under Python 3.6 programming

environment. We use the keras.models, keras.layers and keras.optimizers to implement the

https://github.com /jeanbal9/DNN-LSTM
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Figure 3.7: Average traffic density per base station over one month, August 2014, Shanghai city.

DNN and LSTM architectures with Adam optimizer. With a python script, we prepare time
series of traffic volumes for each BS from the data available in a .csv file. We normalize the
timestamp values by the overall average traffic volume. Some BSs present zero traffic, thus
we discard these outliers from the training as our reservation solutions only apply if traffic

exists (otherwise best reservation is constantly zero).

For both the training and evaluation stage, we generate the inputs {xy, ; }1 using a sliding
window of size q. Thus, the input signals are finite sequences starting at different time steps

that allow us to capture temporal relations in our inputs. For example, we have taken
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Figure 3.8: Example traffic traces and capacity model. The y-axis units are normalized values of the
traffic volumes, i.e. the number bytes per time period in the original dataset after normalization.

different sequence lengths, covering 1 hour up to 10 hours of past traffic history. As the
temporal data is measured every 10 minutes, 1 hour corresponds to ¢ = 6 time steps, 10

hours to ¢ = 60 time steps. The sequence lengths are ¢ = 6, 18, 36 and 60.

We train the DNN and the LSTM models for all the sequence lengths and under all
traffic conditions (high, regular, low). It makes a total of 4 x 3 = 12 trained models that
we save under .hb file format. We then test the models and select for each type of traffic
the sequence length showing the best results in terms of MSE. For the training stage, we
generate the multi-steps ahead labels according to Lemma 1. We replicate 10 times and

scramble the training examples, coming from 14 BSs. The number of training epochs is 10.

We evaluate the solutions at one BS over a month (the length of the time series). We
simulate the three different traffic conditions and evaluate the best DNN/LSTM model for
each case. We generate the labels to measure the performance of our solutions through
different metrics defined in subsection 3.5.4. These labels are hidden to the solutions — as

it is no longer the training stage — and only used to generate performance results.
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Figure 3.9: Architecture of our solutions

3.5.3 The baseline: ARIMA

To evaluate the performance of the two proposed solutions, we have constructed a third
model based on the classical ARIMA predictor, which we use as a baseline. We have chosen
this particular model as it has previously been proven to yield great predictive ability for

single-step-ahead predictions [110].

ARIMA does not require training. Instead, we employ two instantiations of the ARIMA
model to predict estimates of the MNO traffic and the SP traffic, based on their past traces.
The ARIMA model has access to the MNO traffic, meaning that the baseline possesses more

information than our two solutions. To this extent, the baseline is idealized.

We denote the k-th sequence of SP traffic as si g = [Sk—g+1, ..., Sk] and the k-th sequence
of MNO traffic as Iy, = [lk—g+1,---, k). For both cases, we predict [spy1,..., Sk4s] and
[lk+1y s L] and from Lemma 1, obtain [rg4q,...,7k+n]. On a separate development set,
we tested different combinations for the choice of our ARIMA coefficients, comparing each
based on their MSE. From this, we found the lowest MSE was given by the (3,0,0)-ARIMA

model.
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3.5.4 Simulation results

In this subsection, we compare the two proposed solutions against the baseline approach.

For that, we use three metrics: the MSE, and the average values of under-reservation and

over-reservation. We define them for all future steps j = 1,...,h, as we are interested in

multi-steps-ahead reservation.
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Figure 3.10: MSE comparison under different traffic conditions
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Figure 3.12: Under-reservation comparison under different traffic conditions
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In Figs. 3.10, 3.11, and 3.12, we compare the DNN and LSTM performance against
ARIMA’s. After testing different sequence lengths, we have selected the time sequence that
yielded the best results for each use case. We recall that our model simulates three types
of traffic conditions, low, regular and high. We conduct a 9-step ahead prediction in each

of our experiments. This corresponds to one hour and a half of advance reservation.

In Figs. 3.10(a), 3.10(b) and 3.10(c), we examine the quality of the reservation in terms
of MSE. Under high traffic conditions, Fig. 3.10(a) shows that the three methods perform
similarly for the case of single-step-ahead reservation. However, as the number of decision
steps is increased, the learning-based solutions soon begin to outperform the baseline, with
the DNN performing slightly better than the LSTM. For the regular traffic case, as shown
in 3.10(b), the LSTM initially under-performs the other two models but then gradually
outperforms the baseline as the number of steps is increased. Overall, the DNN appears to

be the best method when considering the MSE metric.

In Figs. 3.11(a), 3.11(b) and 3.11(c), we consider the over-reservation metric and see
that both supervised solutions outperform the baseline by a wide margin. This demonstrates
a major gain in the use of the DNN and the LSTM models, indicative of the fact that these
learning based solutions were able to successfully extract the information related to the

MNO’s availability ¢ — I from the traffic traces 7y, by and uy.

In Figs. 3.12(a), 3.12(b) and 3.12(c), we focus on the under-reservation case. Gener-
ally, a method that demonstrates good performance on the over-reservation case, tends to
under-perform in the under-reservation case. As the solutions we propose bring a major im-
provement in reducing over-reservations, it is also essential that they do not under-perform

with respect to under-reservations, as this could lead to a consequent traffic outage and
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therefore greatly impact the QoS observed by tenants and end users. We can see that the
baseline initially outperforms the supervised solutions for single-step-ahead reservations.
However, at multi-steps-ahead reservations, the DNN and LSTM methods demonstrate su-
perior performance. For high traffic, as shown in Fig. 3.12(a), the DNN surpasses the

baseline at the 4th time-step and the LSTM at the 5th time-step.

We observe that the learning based solutions consistently outperform the baseline solu-
tion for multi-steps-ahead reservations. The traffic traces can cycle rapidly from normal
demand to extreme peak values. For a linear model such as ARIMA, which only considers
the last few hours in its prediction, a sudden change of this nature becomes extremely chal-
lenging to predict. In contrast, the DNN and LSTM are able to understand that these fast

fluctuations are not noise but are in fact part of the daily/seasonal trends of the data.

3.6 Conclusion & Discussion

In this chapter, we have investigated an important problem within the networking domain,
namely the problem of resource reservation within virtualized RAN from an SP’s perspective.
We have designed solutions that allow the SP to rely on best-effort resources and to reserve
dedicated spectrum capacity in-advance thus enabling the isolation of such resources by the
NO. We have set up a training phase where we could prepare two supervised solutions and
then have evaluated them in an online environment with real-world conditions. We have
shown that both DNN and LSTM were able to outperform a baseline with access to the
MNO trace. Overall, the DNN has shown the best results. The two supervised solutions

have drastically reduced the over-reservation, which motivates the title of this chapter: “a

cost-reduction strategy for the SP”.

While our current solutions demonstrate good performance against our baseline model,
we aim to examine additional factors which may affect our system model. For example, we
note that it is possible to introduce various additional leasing agreements into this problem
space, such as the real-time and forward markets discussed in [111], wherein the SP could
potentially reserve slices on-the-fly or in-advance, like in the cloud marketplaces [71-74].

This aspect appears quite promising, as we foresee the possibility to extend the reservation

Jean-Baptiste Monteil PhD Thesis



52 3. The reservation of radio resources: a cost-reduction strategy for the SP

decision to both fine-grained and course-grained time scales. In addition, we note that
such a policy would also require further work to be done in defining a more appropriate
cost function related to the trade-off between the cost of future resources and the utility
drawn from reserving those resources. In this chapter, we limit the reservation to the
bandwidth capacity at the base station. Ideally, we aim to design a reservation policy dealing
with multiple kinds of resources, comprising bandwidth at the base stations, backhaul link
capacity, processing capacity at the nodes, etc. Only this complete reservation scheme can
fully unleash the creation of a network slice. We propose to tackle the following extensions
in the next chapter: consider multiple time-scales for the reservations, incorporate the cost
of reservation into the optimization problem, extend the reservation to multiple types of

resources.
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4 No-regret slice reservation solutions in

constrained OCO

In this chapter we present the contribution C2 that addresses the research questions RQ1
and RQ3. The work presented in this chapter has been published in the conference paper
“No-Regret Slice Reservation Algorithms” presented at the IEEE International Conference
on Communications (ICC), in June 2021, and the journal paper “Learning-based Reservation
of Virtualized Network Resources” published in IEEE Transactions on Network and Service

Management (TNSM), in January 2022.

4.1 Introduction

As discussed in the conclusion of the previous chapter (see 3.6), the scope of the SP reser-
vation model is limited to one type of resource and to one time-scale. So we aim to design a
complete reservation scheme whereby the SP can reserve multiple kinds of resources which
orchestration will enable the operation of the slice. Our reservation model must account
for the utility stemming from the orchestration of the contracted resources and the prices
of such resources. This extends our previous model, which would consider only one type of
resource and not account for the pricing of the multi-steps ahead reserved resources. We
achieve such improvement with the slice orchestration policy presented in this chapter in sec-
tion 4.5. Our reservation model also must allow the SP to re-configure the slice dynamically
with the possible lease of spot resources available on-the-fly. This adds a new contribution
of the SP to the slice life-cycle decisions (see Fig. 1.1), not considered in the previous model.
The mixed time scale reservation model which we present later in this chapter (section 4.6)

allows the SP to reserve additional spot resources, thus enabling the slice re-configuration.
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While we extend our system model in the aforementioned directions, we aim to design
solutions which do not necessitate an offline training phase and still deliver strong perform-
ance guarantees. Online optimization presents a set of useful algorithms that can adapt
to the users’ needs and pricing decisions of the NO, are robust and practical to different
traces. More specifically, the OCO framework introduced by Zinkevich [81] provides strong
guarantees of regret and constraint violation, given the feasible set, the objective and con-
straint functions are convex. We aim to use a primal-dual method [1] which relies on the
gradient update at each slot. This type of solution presents low time-complexity and thus

is applicable to short timescale reservations.

The contributions of the work presented in this chapter are listed as follows:

1. We introduce a general reservation model for virtualized network resources and for-
mulate this process as a learning problem where a service provider learns to optimally
request slices while being oblivious to user needs and network prices.

2. A new suite of online learning algorithms is proposed for slice reservations, that
ensures sample-path asymptotically-optimal performance while respecting budget
constraints. The algorithms are general enough to tackle scenarios where the SP
learns the optimal slice composition or exploits additional pricing information.

3. We analyze the impact of key system parameters on the learning performance, and
discuss the implications for the design of such network virtualization markets.

4. A battery of numerical tests is employed, using stationary and non-stationary para-
meter patterns, to assess the performance of the proposed algorithms. The results
verify their robustness and efficacy and reveal the impact of the different system

parameters.

To the best of our knowledge, this is the first online learning model for budgeted slice
reservation. QOur reservation model pursues the same goals as the models presented in
[39], [40], |46] and [47], to the difference it considers multiple resource types, makes no
assumptions on the pricing policy incumbent upon the NO and allows the dynamic re-
configuration of the slice. We refer the reader to the subsection 2.1.4 and to Table 2.3 for
more details. We also develop solutions which present low time complexity and therefore

are interesting for fine-grained reservations with small duration time.
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Network Operator

Service Providers

Figure 4.1: A NO leases different types of resources, e.g., wireless capacity, storage capacity and
edge computing capacity, to different types of SPs that offer over-the-top services to their users.
This chapter is structured as follows. We open with the description of the new network
model comprising multiple kinds of resources and the new market model with resource pri-
cing. Consequently, we define the specific decisions the SP must take under such framework.
Then we state the long-term optimization problem of the SP and motivates the design of
an online learning solution to address the problem at hand. We also present the benchmark
selected to evaluate the performance of our learning policy. The latter we detail in the
following section providing performance guarantees. We then present two major extensions,
for one of which we give performance guarantees. Finally, we conduct extensive numer-
ical evaluation of our solutions and we analyze the sensitivity of the performance to the

parameters of the model. We then conclude the chapter.

4.2 System Model

4.2.1 Network Model

We consider a mixed time-scale model with long periods that are divided into small slots.
Namely, each period ¢ includes K slots and we study the system for t =1,...,T periods
or, equivalently, for k=1, ..., KT slots.! This modification allows the SP to reserve at two
different time scales, while in the previous chapter the reservation is limited to one time

scale. A NO sells virtualized resources to SPs, see Fig. 4.1, and we denote with H the set

'For example, each period can be one day comprising 24 one-hour slots; or, an hour comprising 60
one-minute slots for more fine-grained models.
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of m = |H| types of resources that comprise each slice. For instance H may include wireless
spectrum, backhaul capacity, computing and storage resources (m=4). We introduce the
bundling vector 8 € R™ which determines the amount of each resource required to build a
slice unit. If it is @ = (0.5,0.8,0.2,0.1) in the above example, a slice unit needs 0.5 units of
spectrum, 0.8 units of link capacity, and so on. These values can be normalized or expressed
using the actual physical metrics. In Fig. 4.1, multiple SPs can lease from the NO slice
units composed of different kinds of network resources. We consider initially 8 to be fixed,

but we drop this assumption in Sec. 4.5.

4.2.2 Market Model

The integration of a market model is a major improvement over our previous model, which
does not account for the prices of the contracted resources. The market operates using a
hybrid model where reservations can be updated at the beginning of each period and the SP
can lease (additional) resources at the beginning of each slot in a spot market. We denote
with p; €R 4 the t-period reservation price per slice unit, and with g; € R4 the spot price for
slot k; both announced by the NO. Since 0 is given, these scalar prices suffice to model the
slice cost. We also define the vector of spot prices for period t as q; = (qk, k € K¢) where
Ki={(t—-1)K+1,...,tK}. Clearly, prices p; and g; vary with time and may change in an
unpredictable fashion. For instance, the NO might increase or decrease the prices based on
the requests it received in previous periods; or based on the available spot resources which
are affected by its own needs. We make no assumptions about these quantities other than
being uniformly bounded. Moreover, we assume the NO can impose upper limits on the
slice size each SP can lease, and we define the set of feasible reservations I' = [0, D]. Such
limitations arise due to capacity constraints or when the NO reserves resources for its needs.
Note there that if the slice has minimum requirements because it accommodates semi-elastic
demand, we redefine the set of feasible reservations as [d, D], where d amounts of resources

are necessary to accommodate the inelastic demand.
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4.2.3 Reservation Decisions

We focus on one SP and study its slice reservation policy. This consists of the t-period
reservation of z; € Ry slice units and the per-slot reservations y; € R within ¢. Note that
the actual reserved resources are ;0 and ;0 respectively, but we drop the bundling vector
until Sec. 4.5. At the beginning of each period t the SP decides its t-period reservation
plan (z,y:), where y; = (yk,k: € lCt). The SP’s goal is to maximize its service while
not exceeding its monetary budget B. The service performance is quantified with a concave
utility function increasing on the resources and modulated by parameter a; >0 that captures
the users’ needs in slot k. For example, a; might represent the total user demand, their
willingness to pay, and so on. We also define a; = (ak, k EICt). The concavity of the utility

captures the diminishing returns which arise naturally in such systems. 2

Following the standard practice, we use a concave utility function to model the benefit
of the SP from using certain amount of network resources: see [20], [112], [37] and references

therein. These papers provide the general form of a-fair utility function, namely:

fm=) e 07! (1.1

log(z) a=1
In [113], the utility from allocating bandwidth z to a certain network flow f is modeled
as aylog(xy), where ay is a problem (and flow)-specific parameter. We also refer to other

resource reservation papers that model the problem as convex [41], [46], [39].

2E.g., the data rate is a logarithmic function of the spectrum; the additional revenue of the SPs from
more slice resources are typically diminishing, etc.
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4.3 Problem Formulation

4.3.1 Convex problem

Putting the above together, the ideal slice reservation policy of the SP for the entire oper-

ation of the system is described with the following convex program:

T
(P): max Z Zak log(zt + yr + 1) (4.2)
{Jf’tvyt}tT:1 t=1 kck;
T
s.t. Z (:L’tpt + y;rqt> < BT, (4.3)
t=1
wel, Vk=1,... KT, (4.4)
wel, Vt=1,...,T. (4.5)

Objective (4.2) is the total utility that the SP achieves with its reservations, after a duration
of T' periods. Constraint (4.3) captures the total budget constraint of the SP; and (4.4),
(4.5) confine the decision variables to a compact convex set that collects upper reservation
bounds set by the NO. We assume that the NO always provides the SP with the whole

request x; or yi, as long as the latter belongs to I'.

Henceforth, in order to streamline presentation we define the vector functions related to

each period t:

fe(@e, y) = — Zak log(w¢ +y + 1), (4.6)
ke
gt(xt, Yt) = Teps + ytT‘It - B. (4.7)

and we will be also using vector z; = (24,4y;) € Z 2 '+ Note that when the SP does

not reserve resources in a period t, the objective is still well defined and we get f;(0,0) = 0.

(P) is a convex optimization problem but the SP cannot tackle it directly due to the

following challenges:

e (Chi1): The user needs {ay}r are unknown, time-varying and possibly generated by a

non-stationary random process.
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Table 4.1: Key Notations

Symbol Physical Meaning
ak User needs for the SP service in slot k
Dt Advance-reservation price of NO for period ¢

qr, Q¢ Spot price on slot k; and spot price vector for period ¢

m Number of resource types composing each slice

0. cR™ Slice composition vector for period ¢
B Monetary budget for the reservations of the SP
K Period length or number of slots per period
Yk Reservation in spot market in slot k
Tt Reservation in advance market in period ¢
r I' = [0, D], feasible set for reservations
Y Vector of reserved instances in spot market in slot k
x: Vector of reserved instances in advance market in period ¢

e (Ch2): The spot {qi}r and reservation prices {p;}; are unknown, time-varying and un-

predictable as they depend on the NO pricing strategy and possibly on other SPs’ demand.

e (Ch3): Finally, parameters {qx, a }, are revealed after the slice reservation at the respect-

ive slot k£ has been decided.

Due to (Ch1-2) (P) cannot be solved at ¢t = 1 since the evolution of the system para-
meters for the next T periods is unknown. Furthermore, it cannot be tackled with standard
online optimization techniques as the function parameters are revealed after the reservation
decisions are made in each period ¢ (Ch3). This renders imperative the design of an on-
line learning algorithm that adapts to system and market dynamics, offering guarantees for

achieving a satisfactory performance.

4.3.2 Benchmark policy

The efficacy of a learning policy is mainly characterized by the benchmark to which we
compare its performance; and by the convergence (or, learning rate) at which the policy’s
performance converges to this benchmark’s performance. As it was proved in [87], con-
strained OCO problems like (P) cannot learn efficiently to perform as benchmarks from
set Xmar (2.3.2). In light of this result, we settle for a weaker benchmark for our learning

algorithm, where the benchmark is selected such that it satisfies each t-period constraint
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Reveal .| Request .|Reveal a; > f ((;om;’)l;tzn dl—s Update
price p; | (2, y,) | and q, g tgt Ei;t ty) Y
(12) = (13)
Next period <

Figure 4.2: Online learning model and sequence of actions in the system.

separately.?

In detail, if the SP knew at the beginning of each period t, the price p;, the demand a;

and the spot prices gy, it could find the optimal ¢t-period decision z} = (z},y;) by solving:

(Pe) : {zt}%}nffﬂft(zt) st gi(z) < 0. (4.8)

Given that in practice this information is unavailable, our goal is to design an algorithm that
finds the t-period reservation (z,y;) in each period ¢, such that we achieve a good enough
performance with respect to z;. Formally, we define the dynamic regret and constraint fit

metrics:
RT:i(mzt)— fulzt)), Ve = [igxzt)L,
t=1 t=1

which quantify respectively how well our policy {z;, y:} fairs against {z}, y;} and how much
the constraints are violated on average. Note that we project the constraints onto Ry as we

are interested to bound the excessive budget consumption.

Following the terminology in online learning, we state that our reservation algorithm

achieves no-regret if both quantities grow sublinearly, i.e.,

. Rr _ . Vr _ T
Jim =2 =0, lim 5 =0,V {fi}iy. (4.9)

It is important to stress that this learning objective is more challenging than the respective
static regret benchmark where we compare against policy (z*,y*) which is designed with
hindsight but remains fixed across time. In other words it holds R7 < Rt and by achieving
Rr = o(T') we ensure the same for RY.. We refer the interested reader to [1, 86| for a detailed

discussion about benchmarks.

3In other words, a benchmark in z* € X4 offers more degrees of freedom, hence potentially higher
objective values that the learning policy cannot achieve without violating the constraints.
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4.4 Online Reservation Policy

4.4.1 Online Learning for Reservations (OLR)

We proceed with the design of the online learning algorithm that implements the SP reser-

vation policy. In detail, we define the Lagrangian:
Li(2,\) = fi(2) + Age(2) (4.10)

where A € Ry is the Lagrange multiplier associated with constraint (4.7). It is easy to see
that, for all ¢ and AeRy, Et is convex over z, as it is the sum of a convex function f; and
an affine function ¢g;. Similarly, L, is affine hence concave over A. Therefore, we opt for a
saddle-point methodology where we minimize the Lagrangian over z and then maximize it
over \. Instead of the online Lagrangian in (4.10), we optimize the modified Lagrangian
with a linearized objective and a Euclidean regularizer with non-negative parameter v:

Iz — 2|”

Lt(z, )\) = Vft(zt)T(z — Zt) + Agt<2) + 9, 5

(4.11)

where note that in the first-order approximation of f;(z) we omit the term f;(z;) as it does

not depend on either z or A.

We can now describe our learning policy — please refer to Algorithm OLR and Fig. 4.2.

At the beginning of each period ¢, the NO reveals the current reservation price p; (step 2).

Then, the SP decides its reservation policy z; = (z¢,y;) by performing a primal update as
follows (step 3):

z; = arg gnelg Li—1(z, \t). (4.12)

As explained above, the SP makes this decision while it does not have access to f; or g, as is
also evident from the time index of the Lagrangian in (4.12). After z; is fixed, the demand
and prices are revealed (steps 4-5) and the SP measures the performance f;(z;) and cost

g¢(z¢). At the end of the period, the SP has access to the current Lagrangian (4.11), and
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Algorithm OLR: Online Learning for Reservation

Initialize:

M=0zgely el v=p=0T"13
1 for t=1,...,7T do
Observe the t-period price p;
Decide (2, y:) by solving (4.12)
Observe a; and calculate fi(x, y)
Observe g; and calculate g(x¢, yy)
Decide Ary1 by solving (4.13)

S Uk W N

can update its dual variable by executing the dual gradient ascent with positive step-size u:

Aty1 = [/\t + /LV)\Lt(Zt, )\)] (4.13)

+

These are the dual variables (or, shadow prices for (4.3)) that will assist the SP to select the
new reservation bid. It is worth stressing that OLR is also applicable for markets where the

advance-reservation prices p; are revealed after step 3; this will become clear in the sequel.

4.4.2 Performance analysis

We start with the necessary model assumptions.

Assumption 4. The NO prices are uniformly bounded, i.e., p; € [0, p],Vt and qx € [0, ¢], Vk,

where p,q < 00.

Assumption 5. The utility parameters are uniformly bounded, i.e., ax € [0,a], Yk where

a < o0.

Assumption 6. The set Z=T%1 has bounded diameter, i.e., E 2 DK + 1.

Moreover, we need to characterize the wvariability of the problem, i.e., how fast the

constraints and the dynamic benchmark can change among successive periods. First, we

define:

T T
Ue=Y N2 = =il Up= maxlgr(2) - gi-1(2)]s-
t=1 t=1
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which measure this property for each problem realization. We define as well:

Uy = maxmax|g:(2) — ge-1(2)]+

We see from (4.7) that (79 < D(p+ Kq). However, in practice we expect ﬁg to be smaller as
it is not reasonable for the NO (i.e., practical or acceptable from a regulatory perspective) to
vary so drastically its pricing strategy in successive periods. As it will become clear below,

ﬁg determines whether the SP can learn an efficient reservation policy.

Finally, we assume that all problem instances (P;),Vt admit a Slater vector, i.e. there

is a vector z € Z such that:
gt(2) < —e, Vt, with € > 0. (4.14)

The Slater constraint qualification, or weak Slater condition, is sufficient for strong duality
[114], and is required for devising the algorithm’s performance bounds. Moreover, it is

related to the problem variability and specifically the following condition is required.

Assumption 7. strong Slater condition. The slack constant € in the Slater condition

(4.14) is such that it holds € > ﬁg,

The next Lemma characterizes the performance of OLR.

Lemma 2. Under Assumptions 4-7, Algorithm OLR achieves the following regret and con-

straint violation bounds w.r.t. the dynamic benchmark policy {x},y;}l_,:

EU, vTG? (T+1)uM? FE? ~

Ry < BV (VIGE  (THDRMT | By 5
v 2 2 2v

(2EG/p) + (E*/2vp) + (M?/2)

e—Uy
where: M 2 max{D(p+ Kq)— B,B}, G 2 a/K(K +1)
2EG + (E?/2v) + (uM?/2)

NE UM+ =
H e—Uy

Vr <M +

i
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4.4.3 Discussion

Complexity analsyis OLR. We stress there that the computational cost and memory re-
quirements of the OLR algorithm are fairly low. At each period ¢, we need to solve the two
sub-problems (4.12) and (4.13). The constraint function g;(z) being linear, the computa-
tional complexity of (4.12) is low and a closed form solution can be derived via the First
Order Condition, as in (4.15) and (4.16). At each period ¢, we need to store the vectors a;_1,
Y;—1, q+—1 of length K and the scalars x;—1, p and A;. Therefore, memory requirements
are of 3K + 3 = O(K). The solution to (4.15) runs in K operations (sum over K;_1) and
the solution to (4.16) runs in 1 operation, for each k € K;. Therefore, the running time for
(4.12) is of 2K = O(K). (4.13) only needs K + 1 operations to compute g:(2¢), hence runs
in O(K).

It is important at this point to discuss the practical implications of this theoretical result
for the problem at hand. First, note that a key ingredient of Algorithm OLR are the step

sizes (or, learning rates) v and p. From Corollary 1 of [1], if these rates are selected such

V = [ = Imax ?, ? 5

then we obtain the following growth rate for the regret:

that:

RT:O<max{m, \/UgiT}>

In order to asymptotically zeroize the average regret we need Ry = o(T'), and this condition
is satisfied if max{U,,Uy} = o(T), i.e., when the maximum variability of the benchmark
and constraints across successive slots remains sublinear. When this condition cannot be

1/3

verified in advance, one can select v = = T7"/° to enforce:

Rr=0 (max {T%Ug,TéUmT%}) L Vr=0 (T%) .

Furthermore, the SP can adapt the steps v and p to the specific scenario and its priorities,
namely the relative importance of achieving high performance or fast compliance with the

average budget constraint. For instance, a “negative fit - high regret” situation means that
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M
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Figure 4.3: Impact on the committed budget, B, on the value of parameter M that affects the
bounds of Ry and Vr.

the SP under-reserves and this can be rectified by tuning the steps.

It it also interesting to note that, for the specific performance and cost functions, we
can obtain a closed form solution for the advance reservation decisions in each period, that
reveal the intuition of this mechanism. Namely, we can use the First Order Condition for

(4.12) and write:

vag

Ty = E —— — MV + T4 1, 4.15

t 1+ 201 + un DPtAt t—1 ( )
keEKi—1

while ensuring that x; € [0, D]. The following important remarks stem from the above

expression:

e A big ratio of demand over reservations in period t — 1 favors a large reservation at

period t;

A large constraint violation in period ¢t — 1 favors a small reservation at period t;

A large value of p accentuates the effect of the violation if it is non-negative (more

conservative reservations);

A large value of v favorites a large distance |z; — x4—1].

Conversely, a small v reduces the distance |z; — z—1|.

Similarly, we can obtain an analytical expression for the intra-period reservations:

B Vag—K
1+z 1+ -k

Yk — Qe—K MV + Yh—K, k€ Ky, (4.16)

with yx € [0, D], that allows us to understand how the learning rates, resource prices and

reservations in the previous respective slots (index k& — K) affect the reservations at slot k.
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These remarks provide the SP with guidelines on how to adapt the step sizes v and u to its

preferable criterion (performance or cost) but also to the specific market conditions.

Regarding the latter, it is crucial to observe that both the regret and constraint violation
depend on the variability of NO’s pricing. When the operator changes abruptly the prices
among successive periods, i.e., in a superlinear fashion U, = O(T B) with 8 > 1, it is
challenging for the SP to learn an optimal reservation strategy. The same holds for the needs
of SP. For instance, if parameters {a;} change so drastically that U, grows superlinearly,
then Rp/T might not converge. Observe also that the period length (number of slots K)
affects directly both Ry and V. This is rather expected as the SP makes bidding decisions
only at the beginning of each period. Hence, for larger K values the bidding depends
on more unknown information — or, equivalently, the SP needs to learn more information.
Furthermore, we can see that the relation of maximum prices, p and ¢, to the per-period
budget B, affect through parameter M the bounds. These observations reveal the key
market factors that shape the learning capability of the SP, and pave the road for possible
regulatory interventions, or mutually-agreed guidelines among the SP and NO so as to

increase the market efficiency.

Finally, we note that the SP can choose its budget so as to minimize parameter M,
which will consequently shrink the upper bounds on the regret and fit. In Fig. 4.3, we
plot the function M = f(B) = max{D(p + Kq) — B, B} and observe that the minimum
M = D(p+ Kq)/2 is attained at B = D(p + Kq)/2. We verify the effect of B on the

performance of OLR in the numerical examples presented in Sec. 4.7.

4.5 Slice Orchestration and Reservation Policy

We consider next the case the SP decides the slice composition, i.e., the amount of each
different type of resource, where the benefit from each resource can be time-varying and
unknown. Consider, e.g., an SP that is unaware of the optimal computation, storage and
bandwidth mix, as this depends on the type of user requests. We extend OLR to account

for these decisions and discuss the new performance bounds.

PhD Thesis Jean-Baptiste Monteil



4.5 Slice Orchestration and Reservation Policy 67

4.5.1 Online Learning Reservations for Slice Orchestration

In this scenario, the SP makes multi-dimensional reservations using x;, yr € I'1 X ... X I},
where m is the number of resources comprising the slice. With a slight abuse of notation
we define yx = (yj,j = 1,...,m), and y, = (yx, k € K;), where y, € R™X. The benefit
from each reservation x; is quantified by the scalar ,' x; (respectively, 8, yy), where the
elements of 8; € R™ measure the contribution of each resource on performance. And, we
allow this vector to change with time and be unknown when the reservations are decided.
Similarly, the NO can charge a different (advance or spot) price for each type of resource,

hence we define py = (pj,5 = 1,...,m) and q = (qxj,j =1,...,m).

We first introduce the new slice-composition and reservation objective and cost functions:

F@ey) ==Y arlog(6] z + 60/ y, +1), (4.17)
keKy
9¢ (x4, 1) = @ Py +Z YL ar — B, (4.18)
keKy

and use the following modified Lagrange function:

2
L= )=V (=) (= — 2+ Mgz + 1220 (4.19)
to update the primal and dual variables:
z = arg min LY (2, \), (4.20)
ZEZy
A1 = e+ uVaL{ (2, M)y (4.21)

Note that the prices are now vectors in R™, and the SP decision space is expanded to

Zyp= (1 % ...x Ip)5H with I; = [0, Dy],i < m.

The learning policy is implemented by running Algorithm OLR-SO. At the beginning of
each period ¢, the NO reveals the current reservation price vector p; € R™ (step 2). Then,
the SP decides its reservation policy z; = (2, yi) € Zy by solving (4.20). Subsequently, the
demand a; € RX, the contribution vector 8; € R™ and the spot prices g, € R™ are revealed

(steps 4-5), and the SP measures the performance ff(z;) and cost g{(z;). At the end of
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Algorithm OLR-SO: OLR for Slice Orchestration
Initialize:
M =0,20 € [T2 Tiyo € ([T 1S, v =p=0O(T"1/?3)
1 for t=1,...,7T do
Observe the t-period price p;
Decide (x¢,y¢) by solving (4.20)
Observe ay, 8; and calculate ff(x;,y;) with (4.17)
Observe g; and calculate gf (¢, y¢) with (4.18)
Decide Ap+1 by solving (4.21)

(= I, B NV )

the period the SP gains access to the new Lagrangian (4.19) and updates its dual variable

(4.21).

4.5.2 Performance Analysis

The performance of Algorithm OLR-SO is conditioned upon the following minimal assump-
tions that complement, or update, Assumptions 4-7 that we stated for OLR in Section

4.4:

Assumption 8. The NO prices are uniformly bounded py € [[2,[0,p],Vt and q; €
[1:2,00, 4], Vk. Without loss of generality, we write p; € [0,p]™,Vt and g € [0,q]™,VEk,

where p = max;{p;}, ¢ = max;{q;}.

Assumption 9. The contribution parameters are uniformly bounded 0, € [[;~,[0,6;],Vt.

Without loss of generality, we can write 8; € [0,0]™,Vt, where 6 = max;{0;}

Assumption 10. The set Zg = (I} x...x )5+ has bounded diameter F = /K + 1\/D? + ...+ D2,.

The variability of this new problem can be defined using the following metrics:

T T
6 0 0
Uf:ZHzt*—zt*_ﬂL U9:Zggg;[gt (2) — g9{_1(2)]+,
t=1 t=1

and we also define:

6 0 0
Uy = max max[g; (2) — gi—1(2)]+-

We see from (4.18) that it holds ﬁg <(p+Kq) >~ D

PhD Thesis Jean-Baptiste Monteil



4.5 Slice Orchestration and Reservation Policy 69

We assume that the new problem:

(P min fO(z) st. ¢?(z) <o. (4.22)
zZt€EZ2y

admits a Slater vector Z € Zy where:
gt(‘%) é —-€, \V/t, (423)
for some € > 0, and which, as previously, is related to the problem’s variability through the

following condition:

Assumption 11. strong Slater condition. The slack constant € in the Slater condition

(4.23) is such that it holds € > 1799.

The performance of OLR-SO is characterized next.

Lemma 3. Under Assumptions 8-11, Algorithm OLR-SO achieves the following regret and

constraint violation bounds w.r.t. the dynamic benchmark policy {z}, yf i

FU? vIG2 (T+1)uM? F? -
Rr< 2247 "+( +u 04— 41U
v 2 2 U 9
(2FGo/p) + (F?/2vp) + (M§/2)

Vr < Mg +

)

_ 770
€ Ug

where: My = max {(p+ Kq) ZDZ-— B, B},
i=1
Gy = af/mK (K + 1),
2FGy + (F?/2v) + (uMZ /2)

XgéuMg—i— =
6—Ug

4.5.3 Discussion

Complezity analysis OLR-SO. Here we discuss the complexity of the OLR-SO algorithm.
Deriving the new Lagrangian (4.19) with regard to z is more challenging. The required
running time to compute (4.20) is of 4Km? + m(K + 1) + m(K + 1) = O(Km?). The
dominating term 4K m? comes from the expression of the gradient V f?(2;), that the reader

can find in the Appendix B. The solution of (4.21) is much simpler, necessitating m(K +
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1) = O(Km) time to compute gf(zt). As we need to store the vectors a;_1, 0;_1, T¢_1,
Y, k € Ki—1, A, pi—1 and qi, k € K;—1, the memory requirements are of K +m + m +
Km+14+m+ Km=0O(mK). As the OLR-SO algorithm increases complexity, it still lies

in polynomial time.

The multi-dimensional problem has a higher variability on the constraints (Uge > Uy)
and on the dynamic benchmark sequence (U? > U,). This represents an intuitive result
since we deal: with larger reservations; vectors for the pricing scheme instead of scalars;
and new unknown contribution parameter ;. In fact, we can quantify the effect of resource
types m on the variability for the special — but important— case the prices {p;}+, {qx }r are

i.i.d. with uniform distribution in [0, p] and [0, ¢|, respectively.

Lemma 4. For sufficiently large value of T, it holds:

TDp+Kq) o T4 D)+ Kq)

Uy = 6 Vg 6

This result reveals that as we consider scenarios with larger m, i.e., more resource types
comprising the slice, the respective variability parameter that affects the regret bounds
increase proportionally to the diameter of Zy, i.e., depend both on the value of m and the

respective upper bounds D;, 1 < m.

Finally, it is interesting to note that parameters p; and 6; can be revealed before or
after the reservation z;, as the bounds in Lemma 2 hold whether the SP knows them or not.
There, we notice that the contribution parameter 8; has more influence in the Lagrangian
than the price p;. Indeed, 6, is present in the K + 1 scalar products derived from the
gradient term, while p; is present in only one scalar product: p;r x. Therefore, the SP would

rather know in advance the contributions of each resource to its utility than the on-demand

price py.

4.6 Mixed Time Scale Reservation Policy

Our second extension is a mixed time scale (MTS) reservation model, where the SP can

update the slot reservations y; of each period ¢, based on the demand a; and spot prices g;
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Algorithm OLR-MTS: OLR for Mixed Time Scale
Initialize:
M=0z0cely el v=p=0T"3v=v,i=p
for t=1,...,T do
Observe the t-period price p;
Decide (z¢,y¢) by solving (4.12)
Calculate By = (B — xupt) /K
for k=1,...,K do
Decide yi, by solving (4.25) and replace k-th element of vector y; by yx
Observe ag, qx
Decide A\g41 by solving (4.26)

Observe a; and calculate fi(xs, yt)
10 | Observe g; and calculate gi(xt, yt)

g O Uk W N+

©

it observes during that period. We first present the baseline scenario and then extend MTS

for the slice composition case.

4.6.1 Online Learning for Mixed Time Scale Reservations

The first thing to note is that functions f; and g for this slot-decision instance, are now:

fe(yr) = —aglog(ze +yu + 1), gr(yk) = yrar — Be,

where x; is treated as a parameter as it has been fixed in the beginning of ¢, and we have
defined By = (B — aypt)/ K. Also, the t-slot Lagrangian is:

(v —w)?

Ly, ) = Vo) (v = ui) + Agi(y) + 5= (4.24)

where A€ R4 is the new dual variable.

The learning policy is summarized in Algorithm OLR-MTS. At the beginning of period ¢,
the NO reveals the reservation price p; € [0, p| (step 2). Then, the SP decides its reservation
policy z; = (x4, y:) by solving (4.12) (step 3), where Z = I'+1 After x, is fixed, the SP

updates the slot decisions yy, Vk € Ky (step 6), by executing:

yr = argmin Lj_1(y, /):k) (4.25)
yel’
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Algorithm OLR-MTS-SO: OLR-MTS for Slice Orchestration
Initialize:
M =0,20 € [T2 Tivyo € [ 1S v =p=0T""3),0=v,ji =
for t=1,...,7T do
Observe the t-period price p;
Decide (¢, y:) by solving (4.20)
Calculate B; = (B — = p;)/ K
for k=1,...,K do
Decide y;, by solving (4.29) and replace k-th element of vector y; by yi
Observe ai, qk
Decide Ak+1 by solving (4.30)

Observe {ax Yrek,, 0: and calculate f7(x¢, y;)
10 Observe {qx }rex, and calculate g? (x¢, y;)

W N O A W N+

©

Then the demand aj and the price gi are revealed (step 7). At the end of the slot, the SP
has access to the current Lagrangian (4.24) and can update its dual variable (step 8) by

executing:

Net1 = i+ AVALE (Y M) (4.26)

At the end of the period, the SP has observed all the demand a; and price g; parameters,
and therefore can calculate the values fi(x¢, y:) and gi(z¢, y¢) (steps 9 and 10). Parameters

v and j1 are the steps for the intra-period decisions, and we set them to 7=v and = p.

4.6.2 Online Learning for MTS with Slice Orchestration

Here, we combine the slice orchestration and the mixed time scale reservation models, where
the SP can update the slot reservations y;’s of the period ¢, based on the demand aj’s and
spot prices qi’s it observes during that period. The functions f,f and gz for this slot-decision

instance, are:

f,f(yk) = —ay log(mtTOt + y,Iet +1), (4.27)

90(yr) = yp qr — B,
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where, again, ; is a parameter and we define B; = (B — x,/ p;)/K. The t-slot Lagrangian
is:

ly — yil?

LYy, N =V (yr) T (y— yr)+ Agl(y) + - (4.28)

Then, the SP updates its reservation y;, for each slot k, and its dual variable after observing

ar, and g, by executing:

—arg min LY, (y, \s), 4.29
Yk gyenz’;ln k—1(Y, k) (4.29)
Nert = e + AVALY (yi, V] +- (4.30)

At the end of the period, the SP has observed all demand {ag}rex, and prices {qx}rek,
parameters and the contribution vector 8;, and hence can calculate f7(x;, y;) and g? (x4, y3).

Parameters v and [1 are the steps for the intra-period decisions, and we use U = v and i = p.

4.6.3 Discussion

Complexity analysis OLR-MTS, OLR-MTS-5S0O. We discuss now the complexity of the two
mixed-time-scale algorithms. When compared to the OLR algorithm, the OLR-MTS needs
2K + 1 more operations to compute the K updates (4.25) and (4.26), and to calculate B.
Therefore, the running time is still of O(K). The memory requirements stay at O(K),
as the OLR-MTS needs to store 4(K — 1) new variables. Similarly, the running time and
memory requirements are the same for the OLR-SO and the OLR-MTS-SO algorithms, as

the latter needs 2Km? + K more operations and 2(K — 1)m + 2(K — 1) more storage.

We start by giving an analytical expression for the intra-period reservation decision.
Recall that (4.16) provided that expression for the single-time scale model. Here, we can

write instead:
B vag_1
1+xi1+yr—1

Yk = Qo1 KV + Y1 (4.31)

We observe that in this case the k-slot decision relies on the previous time-slot (ag_1,
qk—1), while the respective decision in (4.16) utilizes information from the previous period

(ap—rK, qu—x). We expect that the gap between the past value we use and the current value
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|ax—1—ag]| is smaller than |ag_ g —ag|. This will allow the SP to take more accurate decisions
in practice, when using these mixed time-scale updates. On the other hand, the single time
scale approach induces smaller computation load, as we can update the decoupled variables
in a parallel fashion. This is not the case for the MTS approach, where we need to follow
a specific update order, i.e., Tt, Y—1)K+1, Y(t—1)K+2s - - - » Y(t—1)K+K- Lhis, in turn, might
affect the policy implementation for large problem instance and/or when the time-slots are

very small.

4.7 Numerical Evaluation

We present a set of numerical tests that verify the learning efficacy of the proposed al-

gorithms and highlight the impact of key system parameters on their performance.

4.7.1 Simulation setup

Scenario. We consider a network operator that offers slices that extend from the last
hop wireless link to core computing servers. Thus, the SP can reserve: yx; € [0, D1] radio
resources at the base stations (BSs); yxe € [0, D2] link capacity that connects the BSs to the
servers; and yg3 € [0, D3] processing capacity at the servers (i.e, m = 3). All variables are
expressed in terms of the flow volume (Mbps) that the slice serves. The SP needs to serve
a time-varying demand ay, € [0, 1] that models the normalized slice utilization — this can be
calculated as the number of active users over the maximum number of users allowed in one
slice so as to respect the SP’s SLA. The achieved slice performance depends on reservation

vectors @y = (T4, T2, 43) and yr = (Yx1, Y2, Yks) and is given by (4.17).

Traces. The random demand and cost parameters are created based on two cases. In
the stationary Case 1, the demand ay is uniformly distributed on [0,a] and the prices p;
and g uniformly distributed on [0,p] - (K/cy) and [0, q], respectively. Here the advance-

reservation price p; is determined as a discount of the spot price g, which is tuned via
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parameter ¢y >0. In the non-stationary Case 2, we set:

ar, = Apsin(2rk/Ko) + U[Ao, al,
qr = Qosin(2mk/Ko) + U[Qo, ql,

. K
pr = (PO Sln(QT{‘t/K{)) —{—Z/[[Po,p])a,

where U is the added uniform noise, e.g. U[Ay, a] follows a uniform distribution on the set
[Ao, a]. Ky is the period of the sine waves, Ay, Qo, Py are the amplitude of the sine waves.
Such design of the traces enforce a; € [0, A9 + a], gx € [0,Qo + ¢] and p; € [0, Py + p].
This is a more challenging scenario for the SP which demonstrates the main advantage of
the proposed learning-based reservation algorithms that can adapt to such non-stationary

conditions.

Selection of the parameter values. We select by default v = p=0=a=1T"1% =
0.1, for T' = 1000, as these are recommended values for the learning rates in [1]. We take
D =1and a =p=q=1to deal with normalized reservations (belonging to [0, D] = [0, 1]),
and normalized traces for the stationary case. We limit our period length to K = 3, in order
to fall under the scope of the sublinear regret (a high value of K increases significantly the
regret bound). We select ¢y = 3 and Ky = 5 by default, as these parameters do not affect
the theoretical bounds. For the non-stationary case, we aim to have the same amplitude for
the sine wave and the uniform noise. By selecting Ay = Py = Q9 = 0.5, we ensure the sine
wave has an amplitude of 1, from —0.5 to 0.5. The noise interval for each trace is [0.5, 1.5],
leading to the same amplitude of 1. The value of B is always selected to be D(p + Kq)/2,

as it is the specific value that minimizes the theoretical bound in Lemma, 1.

Technical implementation. The source code of our solutions, the dynamic bench-
mark, the validation of our regret bounds and the parameter sensitivity analysis can be

found online*

. We develop under Python 3.6 programming environment. We use the lib-
rary scipy.optimize to solve the quadratic and linear problems of this chapter. As detailed
above, we envision two cases (stationary and non-stationary) to evaluate the performance

of our solutions in terms of regret and fit. We generate the traces with specific values of the

*https://github.com/jeanbal9/OLR,
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Table 4.2: Simulation parameters

Symbol Physical Meaning
v Step-size of the primal update
v Step-size of the primal slot update
7 Step-size of the dual update
n Step-size of the dual slot update

D,q,a,0 Upper bounds of the stationary traces
Ky Period of the sine waves

Py, Qo, Ao, 6oy Amplitude of the sine waves for the different traces
Po+p,Qo+q, A +a... Upper bounds of the non-stationary traces

cr Discount factor of the period price wrt the spot price

dynamic benchmark, ipopt solver

T T ,,

Case 1 Case 2 regret, fit metrics

Y

OLR, OLR-MTS, OLR-SO, OLR-MTS-
SO

created

— parameters B, D, K — modified

Figure 4.4: Architecture of our solution design

system parameters B, D or K. We then propose to analyze the sensitivity of our solutions
against different values of these parameters. We provide an overview of the architecture of

our design in Fig. 4.4.

We design the OLR solution. We code the functions f; and g; from (4.6) and (4.7)
respectively. We code the gradient and the lagrangian from (4.11). We then iterate and
solve at each period the problem (4.12), which is quadratic, and the problem (4.13), which
is linear. We store the total loss and constraint violation results. The OLR-MTS solution is
the same except for, within each period, we solve the problems (4.25) and (4.26) for all the

slots of the period. For the OLR-SO solution, we code the functions f{ and ¢¢ from (4.17)
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and (4.18) respectively. We code the gradient and the lagrangian from (4.19). We then
iterate and solve at each period the quadratic problem (4.20) and the linear problem (4.21).
We store finally the loss and constraint violation results. The OLR-MTS-SO solution is
almost the same: again, we solve the problems (4.29) and (4.30) for all the slots of the

period.

For the dynamic benchmark, we use the ipopt convex solver, which implements an
interior point method to find the optimal solution of a convex problem. Specifically, we
build a class which takes as methods the objective function and its gradient, the constraint
function and its jacobian. We create an instance of the class specifying the parameters B,
m, K and D. We iterate and solve the sub-problem (P;) at each round, using the ipopt
solver which applies an interior point method to the instance of the class. Note that we also
developed the competitive ratio, which is the optimal solution of the problem (P), while
the dynamic benchmark is the sequence of the solutions to the sub-problems (P;). The

competitive ratio analysis is not provided in this thesis and can be explored as future work.

4.7.2 Evaluation of OLR and OLR-MTS

OLR Convergence. First, we verify that Ry and V7 grow sublinearly given that Uy = o(T")
and U, = o(T"); see Figs. 4.5(a) and 4.5(b). In Case 1, we set the different parameters as
shown in the respective caption, and select the optimal budget to be B = D(p+ Kq)/2 = 2.
Under these conditions, we observe in Fig. 4.5(a) the convergence of Ry /T and Vp/T. In
Case 2, we set the parameters as shown in the respective caption, and select the optimal
budget to be B = D(p+ Py + K(q+ Qo))/2 = 4}. We observe again in Fig. 4.5(b) the
convergence of Ry /T and Vp/T. Note that for the evolution of the constraint violation we
use Vp = Zthl g+(z¢) instead of Vp = [Zthl 9+(2¢)]+, in order to study how the budget

consumption evolves over time, even when it does not violate the respective bound.

Theory vs practice. In Figs. 4.6(a) and 4.6(b), we compare the convergence of the
OLR solution to the convergence of the theoretical bounds (regret and fit). We observe
that the solution always converges faster, as the theoretical bound represents the worst-case
scenario. For the regret convergence, we zoom in the last 100 periods to point out that

an horizon of T = 1000 might not be distant enough to observe the convergence to 0 of
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the theoretical bound. Indeed, we witness the slope of the theoretical regret bound slowly

shrinking towards 0.

2 21
~ —— OLR ~
~— ~
~ 1 = 1
A Ay
0+, , . 01 ; .
0 0
~ ~
~ | =~
= =,
0 500 1000 0 500 1000
Time Horizon T Time Horizon T
(a) Case 1 (b) Case 2

Figure 4.5: Evolution of Rr/T and Vr/T. Simulation parameters are set to K =3, ¢y =3, D=1.
(4.5(a)): a=p=q=1, B=2, v=p=0.1. (4.5(b)): Ko=5, Ag=Py=0Q¢ =0.5, a=p=q=1.5, B=4,
v=p=0.1.

i 0.2 1 & 25 4 0.51
= 2571 0.0 ; s 0.0% ;
= \ 900 1000 S 900 1000
0 tm— = IRE——
5 500 1
~ 2504 — OLR % | — O
> | worst case > “ worst case
0 L= . . 0t , ,
0 500 1000 0 500 1000
Time Horizon T Time Horizon T’
(a) Case 1 (b) Case 2

Figure 4.6: Evolution of Rr/T and Vr/T. Simulation parameters are set to K =3, ¢y =3, D=1.
(4.6(a)): a=p=q=1, B=2, v=p=0.1. (4.6(b)): Ko=5, Ag=Py=Qo =0.5, a=p=q=1.5, B=4,
v=p=0.1.

Comparison of OLR and OLR-MTS. In Figs. 4.7(a) and 4.7(b), we observe that
OLR-MTS exhibits in practice a faster regret convergence than OLR. Namely, until 7" = 100,
OLR-MTS achieves smaller regret, which is particularly important for problems that will
run for small time horizons. Eventually, both algorithms reach asymptotically a zero average

regret state. Indeed, we can see that both solutions show similar convergence, with a slight
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21 —— OLR 2
& OLR-MTS &
~ 14 - i} ~ 11
Au \ Su

0t—— = , 01— . .

0 100 200 0 100 200
Time Horizon T’ Time Horizon T
(a) Case 1 (b) Case 2

Figure 4.7: Comparison of OLR and OLR-MTS. Simulation parameters are K =3, cy =3, D=1.
(4.7(a)): a=p=q=1, B=2, v=v=pu=1=0.1. (4.7(b)): Ko=5, Ag=Py=Qo =0.5, a=p=¢q=1.5,
=4, v 1.

advantage to the OLR-MTS that gets thinner as T increases. Both solutions satisfy the

budget constraint, with a negative Vp/T at T = 200 periods.

Influence of v and p. In Fig. 4.8, we observe the influence of the learning rates
on the convergence of Ry/T and Vp/T. We set v = 0.1 and use different values for p,
namely g € {0.1,0.05,0.01}. As predicted in our analysis, a lower value of p favorites
over-reservation, hence the performance is better and the budget consumption is higher.
Therefore, the SP can leverage these parameters, depending on whether it wishes to prioritize

performance or the budget consumption constraint.

2 2
~ —0.010{ "~~~ ~ v=0.1 p=01
\E« —0.015 ':“mﬂ_i \H v=0.1, p=005
(Nt 900 1000 CG v=0.1 p=0.01
0+, : . 01, . .
0 01
[ ~0.06
& —0.06 I 70.07 I
& LT 2008 e 5 -2 900 1000 ~0.075 _‘
900 1000 900 1000
0 500 1000 0 500 1000
Time Horizon T’ Time Horizon T’
(a) Case 1 (b) Case 2

Figure 4.8: Impact of Learning Rates. Simulation parameters: K =3, ¢y =3, D =1. (4.8(a)):
a=p=q=1, B=2. (4.8(b)): Ko=5, Ag=Py=Qy =0.5, a=p=g=1.5, B=4

K and D sensitivity. In Figs. 4.9(a) and 4.9(b), as K increases, the regret performance
drops in a linear fashion. This is quite reflective of the regret bound, where most terms are

either linear or quadratic with regard to K. To fairly compare the performance of the OLR
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Figure 4.9: Simulation parameters are set to: 20 runs, T'=>500, ¢;=3, D=1. (4.9(a)): a=p=¢q=1,

B=(K+1)/2, v=p=0.1. (4.9(b)):

K0:5, A():PO:QO :05,a:p:q:15,B:K+l,

v=p=0.1.
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Figure 4.10: Simulation parameters are set to: 20 runs, T'=500, ¢y =3, K =3. (4.10(a)): a=p=
qg=1, B=2D, v=p=0.1. (4.10(b)): Ko=5, Ag=Py=Qp =0.5, a=p=q=1.5, B=4D, v=p=0.1.

for different values of K, we need to keep B = D(p+Kq)/2 at each point. The latter value of
B gives the minimum for parameter M, henceforth the regret bound. This way we evaluate
the performance of the OLR, holding that the regret bound is at its minimum at each point
K. In Figs. 4.10(a) and 4.10(b), the regret performance worsens as D increases. We note
that the solution is more sensitive to this parameter, as the performance is significantly worse
for D = 9 than for K = 9 for instance. Again, we compare the OLR performance against
different values of D, under the same condition that we use for each D a value of budget that
minimizes the regret bound, i.e. B = D(p+Kgq)/2. With our specific values, it leads in Case
1to B=D(1+3x%1)/2=2D, and in Case 2 to B=D(0.54+ 1.5+ 3% (0.5+1.5))/2 =4D.

We recall that in Case 2, Py + p, Qo + ¢ are the upper-bounds.

B sensitivity. Here we need to make a preliminary analysis on the impact of B on
the optimal reservation policy. At every period, the dynamic benchmark achieves the best
performance while respecting the budget constraint, i.e. reserving for a cost less or equal
to B. In practice, the only case it spends less than B is when it over-provisions the slice,

ie. 2 = [D,..., D] and still we have D(p; + q¢—1)k+1 + .- + qix) < B. Thus, the higher
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the allocated budget T'B is, the more the SP will over-provision and the bigger end-savings

TB — Zthl & it will achieve, where & = prt + Y pcxe, Yndk-

Although this first observation is rather intuitive, it offers interesting insights. Let’s
take Case 1 and assume we over-provision the slices, i.e. z =[D, D, ..., D]. We denote the

probability to not violate the budget constraint B as:
P{Dpt + DQ(tfl)K+1 + ...+ Dth S B}

defined for B € [0, D(p + Kq)]. The latter function is the cdf of the Irwin-Hall distribu-
tion [115] on [0, D(p + Kq)]. The proof follows from noticing that the random variable
Pt + qe-1)k4+1 + - - - + qex follows the Irwin-Hall distribution on [0,p + Kq)] (as a sum of
independent uniform variables). This property can be generalized to the sum of independent

variables following the same -symmetrical- distributions.

In Fig. 4.11, we count for T" = 500 periods the number of times the dynamic benchmark
over-provisions the slice. We run the simulation 20 times and take average values. We
observe the shape of the Irwin-Hall distribution in both cases, although the theoretical

result only stands for Case 1.

In Figs. 4.11(a) and 4.11(b), the variability U,/T decreases and becomes very low for:

Be {ij(erKQ)] = [2,4]
in Case 1, and:
e D(p+Po+2K(Q+Q0)),D(p_I_PO_I_K(q_i_QO) 48]

in Case 2. Obviously for B = 0, the benchmark cannot reserve anything hence U, = 0. It
outlines that high B represents a trivial case, leading to very easy to learn optimal policy
that consists of over-provisioning the slice. Therefore, in Fig. 4.12, we focus on a more
challenging set to show the performance of our solutions: B €]0, D(p + Kq)/2] =]0,2] in
Case 1 and B €]0,D(p+ Py + K(q + Qo))/2] =]0,4] in Case 2.

In Fig. 4.12, we focus on the performance ratio, which is the performance (given by
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82 4. No-regret slice reservation solutions in constrained OCO

(4.2)) of our solution (OLR or OLR-MTS) over the performance of the benchmark, and on
the violation ratio, which represents the importance of the violation through its proportion
of the total allocated budget BT. We run the simulation 20 times and take average values.

We observe performance and violation ratios at 7" = 500 periods.

In Fig. 4.12(a), we observe that the solutions OLR and OLR-MTS achieve their best
performance for B = 2 = D(p + Kq)/2. This is rather expected as B = 2 corresponds to
the lowest variability on the benchmark U, /T'. It is also the value of B that minimizes the
upper bound on the regret and fit, as we previously discussed in section IV. Surprisingly,
however, the solutions achieve a very good performance at B = 0.5 = D(p + Kq)/8, while
the variability U, /T for this value is quite high. The respective violation is 3.44% of the

total allocated budget, which is rather reasonable.

In Fig. 4.12(b), the solutions achieve their best performance of 1.023 at B = 1 =
D(p+ Py + K(qg+ Qp))/8. The respective violation is 1.65% of the total allocated budget.
This performance is truly amazing as it even surpasses the 1.016 performance achieved at
B=4=D(p+Py+K(q+Qp))/2. For the latter B, the respective savings are 2.67% of the

total allocated budget, which is less than the savings attained by the benchmark (9.19%).

Conclusively, we find out that two specific values of budget B lead to the best per-
formance in both cases. While we expected the values B = D(p + Kq)/2 (Case 1) and
B = D(p+ P+ K(q¢+ Qo))/2 (Case 2) to show good performance, we are positively
surprised to observe good performance for the values B = D(p + Kq)/8 (Case 1) and
B=D(p+Py+ K(q+Qo))/8 (Case 2). We will confirm in the slice orchestration case that

these values of B are local optima of the performance for the SP.

P
—— U,/T
over-provisioning
\

=
o
!
=
o
!

frequency
o
()]
frequency
o
(6]

0.01% ; ; o S 0.0 14 ; \\—m—ﬂ

0 1 2 3 4 0 2 4 6 8
allocated budget B allocated budget B

(a) Case 1 (b) Case 2

Figure 4.11: Simulation parameters are set to: 20 runs, T'=1500, K =3, ¢y =3, D=1. (4.11(a)):
a=p=q=1. (4.11(b)): Ko=5, Ag=Py=Qo =0.5, a=p=qg=1.5.
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Figure 4.12: Simulation parameters are set to: 20 runs, T =500, ¢; =3, D=1, K=3. (4.12(a)):
a=p=q=1Lv=v=p=n0=0.1. (412(b)): Koy=5, Ao=FPo=Qo =05, a=p=q =15
v=v=p=pn=0.1.

4.7.3 Evaluation of OLR-SO and OLR-MTS-SO

Traces. In the slice orchestration case the random demand and cost parameters are created
based on two cases. In the stationary Case 1, the demand ay is uniformly distributed on
[0, a] and the prices p; and g are random vectors of dimension m following the uniform dis-
tributions (K/cg) * [U[0,p],...,.U[0,p]]" and [U[0,q],...,U[0,q]]", respectively. We define
the slice composition vector 8; as the uniform random vector [U[0,6],...,U[0,6]]" of di-
mension m. Here the advance-reservation price vector p; is determined as a discount of the
spot price vector qx. In our setting, we regulate the importance of such discount through

parameter cy. In the non-stationary Case 2, we set:

ar = Agsin(27k/Ky) + U[ Ay, al,

qx = Qosin(2mk/Ko) + [U[Qo, ql, .., U[Qo,d]]

p: = (Pysin(2nt/Ko) + [U[ Py, p], . .. ,U[Po,p]]T)Z,

0; = 0y sin(2nt/Ko) + [U[o, 0], ..., U0, 0]

where, as before, parameters Ag, Qo, Py, 0y are the amplitudes of the sine waves and U is

the added uniform noise on [Ay, a], [Qo, q], etc. The sine part of g, p; and 6; is the offset
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84 4. No-regret slice reservation solutions in constrained OCO

that we add to the components of the uniform random vector.

OLR-SO convergence. First, we verify that Ry and Vr grow sublinearly given that
Ug = o(T) and U’ = o(T); see Figs. 4.13(a) and 4.13(b). In Case 1, we select the
system parameters shown in the respective caption, and for which the optimal budget is
B = (D14 D2+ Ds3)(p+Kq)/2 = 4. We can observe in Fig. 4.13(a) the convergence of both
Ry /T and Vp/T. In Case 2, we set B = (D1+ Ds+ D3)(p+ Py+ K(q+Qp))/2 = 8},Under

these settings, we observe in Fig. 4.13(b) the convergence of Rp/T and Vp/T.

Theory vs practice. In Figs. 4.14(a) and 4.14(b), we plot the convergence of both
the theoretical bound and the actual solution OLR-SO (regret and fit). Again, the solution
converges faster than its worst-case scenario. Also, zooming in the last 100 periods show

that the theoretical regret bound is slowly decaying towards 0.

2_
Q 1 —— OLR-SO Q
~ M
g g
0_ T T T 0— T T T
0 0
&~ ~
=21 &7
~ . 4]
0 500 1000 0 500 1000
Time Horizon T Time Horizon T
(a) Case 1 (b) Case 2

Figure 4.13: Ewolution of Ry/T and Vp/T. Simulation parameters are set to K = 3, ¢y = 3,
D =[0.5,1,0.5], m = 3. (4.13(a)): a=p=¢q=0=1, B=4, v=p=0.1. (413(b)): Ky =5,
Ag=Py=Qo=0p=0.5, a=p=qg=0=1.5, B=8, v=p=0.1.

Comparison of OLR-SO and OLR-MTS-SO. In Figs. 4.15(a) and 4.15(b), we
observe that the OLR-MTS-SO converges faster than the OLR-SO. This result is similar
to the one of the previous subsection. We observe that until 7" = 100, the OLR-MTS-
SO solution has better convergence for both Ry /T and Vy/T. Then, the two solutions
show similar convergence, with a small advantage to the OLR-MTS-SO that vanishes as T’

increases.

Influence of v and p. In Fig. 4.16, we observe the influence of the learning rates
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Figure 4.14: Evolution of Rp/T and Vp/T. Simulation parameters are set to K = 3, ¢y = 3,

D =[0.5,1,0.5], m = 3. (4.14(a)): a=p=q=0=1, B=4, v=p=0.1. (4.14(b)): Ky =5,
Ag=PFPy=Qo=00=0.5, a=p=q=0=1.5, B=8, v=p=0.1.
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Figure 4.15: Ewolution of Rr/T and Vr/T. Simulation parameters are set to K =3, ¢y = 3,
D=10.5,1,0.5], m = 3. (4.15(a)): a=p=q=0=1, B=4, v=v=p=01=0.1. (4.15(b)): Ky=5,

Ag=Py=Qo=60=0.5, a=p=q=0=1.5, B=8, v=v=p=p=0.1.

on the convergence of Rr/T and Vp/T. We proceed to keep v = 0.1 constant and to give
the values {0.1,0.05,0.01} to u. As predicted in our analysis, a lower value of u favorites
over-reservation, therefore leads to better performance and higher budget consumption. We
derive the same remark as previously, which is the SP can leverage these learning rates,

depending on what it wishes to prioritize: either performance or budget.

K and D sensitivity. In Figs. 4.17(a) and 4.17(b), we observe that the performance
worsens faster against K than in the OLR case. This is not surprising, as each slot comprises
m decisions, in lieu of only 1 in the OLR case. Once again, we compare the regret for different
values of K choosing a budget value of B = (), D;)(p + Kq)/2 which is equal to K + 1 in
Case 1 and to 2(K + 1) in Case 2. In Figs. 4.18(a) and 4.18(b), D is a vector of dimension
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Figure 4.16: Ewvolution of Ry/T and Vp/T. Simulation parameters are set to K = 3, ¢y = 3,
D=[0.5,1,0.5], m = 3. (4.16(a)): a=p=q=0=1, B=4. (4.16(b)): Ko=5, Ag=FPo=0Qp=00=0.5,

a=p=q=0=1.5, B=8.
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Figure 4.17: Simulation parameters are set to: 20 runs, T =500, ¢y =3, D =[0.5,1,0.5], m = 3.
(4.17(&)): a=p=q=0=1, B=K+1, v=p=0.1. (417(]3)) Ky=5, Ag=Py=Qp =0y =0.5,
a=p=q=0=15,B=2(K+1), v=p=0.1.

m = 3. We increment each item of the vector by 0.5 from [0.5,1,0.5] to [4.5,5,4.5]. The
x-axis on the graphs represent the sum of the items, starting from 2 to 14. Again, we choose
the value B = (3, D;)(p + Kq)/2, that minimizes the regret bound in Lemma 2. Under
our value settings, it leads to B = 2()_, D;) in Case 1 and B = 4(>_, D;) in Case 2. We

observe a rise of the regret, which is slower than in the OLR case, if we relate ), D; to D.

B sensitivity. In this subsection, we confirm for the slice orchestration case our previous
analysis on the parameter B. For Case 1, after analyzing the variability U?/T in Fig.
4.19(a), we focus on the performance and violation ratios for B €]0,4]. In Fig. 4.20(a),
we observe two values of B, namely B = (D1 + D2 + D3)(p + Kq)/2 =4 and B = (D +
Dy + Ds)(p + Kq)/8 = 1, that lead to the best performance of our solutions. For Case
2, we observe in Fig. 4.20(b) that B = (D1 + D2+ D3)(p + Po + K(q¢ + Qo))/2 = 8 and
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Figure 4.18: Simulation parameters are set to: 20 runs, T=500, ¢; =3, K = 3, m=3. (4.18(a)):
a:p:q:&: 1, B = 2(211)1)7 V:[L:Ol (418(b)) KO :5, AO :PO :QO :90 205,
a=p=q=0=15,B=4(3,D;), v=p=0.1.

B = (D1+D>+D3)(p+Py+K(q+Qo))/8 = 2 show the best results in terms of performance.
We look only at the interval B €]0, 8], as for higher values of B, the variability U? /T is very

low (see Fig. 4.19(b)) and the latter case is not challenging for the SP.

We conclude that a wealthy SP has more interest to choose a high value of B (for instance
102 Di)p + Kq)/2,(>2, Di)(p + Kq)]), as this decreases the variability of the dynamic
benchmark sequence. The easy to learn optimal solution consists of over-provisioning the
slice in most periods. For B = (3, D;)(p + Kq), the over-provisioning strategy is the
optimal solution. On the other hand, a modest SP can still choose wisely its parameter B,
for instance B = (3, D;)(p + Kq)/2 or B = (>, D;)(p + Kq)/8. This represents a riskier
scenario, as if the diverse bounds of the system model (D, p, ¢, etc.) are not known precisely,
a small error in their estimation can lead the SP to miss the peak of performance observed

at those precise values.

AN

e UYT _
1.0/ E N > 1.0
c over-provisioning c
3 g
03' 0.5 / \ Si'—‘- 0.5 3
0.0 1% : e ST 0.0tz kA |
0 2 4 6 8 0 2 4 6 8 10 12 14 16
allocated budget B allocated budget B
(a) Case 1 (b) Case 2

Figure 4.19: Simulation parameters are set to: 20 runs, T=>500, K =3, ¢; =3, m=3, D=[0.5,1,0.5].
(4.19(a)): a=p=qg=0=1. (4.19(b)): Ko=5, Ag=Py=0Q¢ =0p=0.5, a=p=q=0=1.5.
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Figure 4.20: Simulation parameters are set to: 20 runs, T =500, ¢; =3, D =[0.5,1,0.5], m =3,
K=3. (420(a)): a=p=q=0=1,v=v=p=p1=0.1. (4.20(b)): Ko=5, Ag=FPy=Qo =0y =0.5,
a=p=q=0=1.5,v=v=pu=n=0.1.

4.8 Conclusion & Discussion

The deployment of markets for virtualized network resources is becoming increasingly im-
portant and is expected to be among the key building blocks of future mobile networks.
A prerequisite for their effective operation, however, is the ability of the service providers,
the clients of these markets, to reserve resources in a way that maximizes their services’
performance without exceeding the anticipated operating expenditures. In the new era of
flexible market rules and volatile network conditions and user requirements, this reservation

becomes an intricate problem that calls for new solution techniques.

Our approach is inspired by the celebrated online convex optimization paradigm, which
is a bare bones optimization model with minimal assumptions regarding the involved cost
functions. Hence, the designed algorithms enable the SP to learn how to reserve resources
optimally, with guarantees that do not depend on the statistical properties of the involved
random parameters. Namely, our policies are robust to arbitrary changes of the resource
prices, oblivious to lack of this information when the reservations are made, and achieve
optimal slice orchestration even when the SP needs are time-varying. These elements build

a practical and general slicing framework with performance and budget guarantees.

While oblivious of the prices and the demand, and consequently perfectly robust to
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arbitrary changes, our decisions ought to benefit from accurate predictions on these unknown
parameters. Recent works in online learning have investigated on adaptive and optimistic
methods [116, 117]. These methods rely on predictions which, if accurate, can significantly
improve the regret performance. We propose the reader to explore new solutions based on

these methods in the next chapter.
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5. Optimistic online reservation of virtualized resources 91

5 Optimistic online reservation of virtual-

ized resources

In this chapter, we propose a reservation-based learning solution capable to incorporate
predictions that the SP can derive based on its partial knowledge of the environment. The
approach complements our previous solutions which allowed the SP to make decisions while

facing total uncertainty about the environment.

The work presented in this chapter corresponds to the contribution C3 which addresses
RQ1 and RQ3 and is based on our conference paper "Reservation of Virtualized Resources

with Optimistic Online Learning", currently under submission.

5.1 Introduction

In the previous chapter, we have designed four solutions for the SP to derive a complete
online reservation policy, regardless of the evolution of its demand nor the prices of the
available resources. These solutions give to the SP a complete reservation scheme to build
an E2E network slice, robust to the arbitrary changes of the time-varying parameters. We
have observed in chapter 3 that the SP receives a feedback from the NO at each step. The
accumulated historical data have only been used in a minimal sense in chapter 4, as we take
the previous slot/period values of the demand and prices to solve the convex optimization
problem at the current slot/period, cf. equations (4.12) and (4.13). Therefore, we propose in
this chapter a new solution, which would both provide performance guarantees and leverage
historical data to extract accurate predictions. The latter can reduce the uncertainty of the

problem and enhance the performance of the decisions. As the SP accumulates historical
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data about prices and demand, there exists the possibility to extract predictions for the
next slot values based on previous window of the traces by using auto-regressive methods.
Holt-Winters, Auto-Regressive Integrated Moving Average (ARIMA) or Neural Networks
have been applied in [118] and in [27]. Albeit accurate, these methods do not provide
performance guarantees. The ARMA-OGD algorithm presented in [119] is an accurate,
robust and computationally low prediction model. It generates the predictions through an
auto-regressive process, where the lag coefficients are updated using the online gradient
descent (OGD) method, which has low time complexity. It also provides regret guarantees
against the best Auto-Regressive Moving Average (ARMA) predictor with full hindsight of

the future.

The solution is built upon the FTRL algorithm [120]. We develop an optimistic version of
the FTRL, based on the solution of Mohri and Yang [116] and first introduced by Rakhlin
and Sridharan [121]|, where the decision relies on an adaptive proximal regularizer term
and the optimistic term of the next gradient prediction Vﬁﬂ(%}“). To apply a solution
derived from the FTRL family, we must face an unconstrained minimization problem. Thus
we reformulate the SP reservation problem in the next section to fall under the scope of

unconstrained OCO.

The contribution of this chapter can be stated as follows:

e we formulate an optimization problem for the SP where it aims to maximize the leased
slice utility and minimize the reservation cost in the long-term;

e to solve the reservation problem faced by the SP, we develop the OOLR solution
which incorporates the optimistic prediction of the next slot gradient;

e we provide regret bound guarantees of O(+/T) for arbitrarily bad predictions and O(1)
for perfect predictions;

e we implement a prediction module to assist our OOLR decision algorithm and we
demonstrate good performance of the combined solution named OORLgrad;

e against real world data and non-stationary traces, our OOLRgrad solution outper-
forms the FTRL baseline. We extend our model to the situation the NO only fulfills

part of the SP reservation request due to capacity constraints.

The SP can derive better reservation decisions by anticipating the future needs from its
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end users and the future prices of the network resources. To the best of our knowledge, this is
the first prediction-assisted slice reservation model for SPs. Some works have derived similar
models for the NO. In [50], network traffic information is leveraged to plan the capacity
needed for each slice in a multi-tenant framework. In [122] cellular traffic prediction helps
the allocation policy for the vehicular network slice. The approach in [118] employed an
adaptive forecasting model of the elastic demand for network resources to perform slice

allocation in Internet Access Services.

This chapter is structured as follows. We open with the reformulation of the convex
programm previously defined in 4.3. Then, we detail the OOLR decision algorithm, provid-
ing performance guarantees. We also propose a model extension which tackles the situation
where the NO cannot fulfill the totality of the SP request. Finally, we conduct an ex-
perimental scenario whereby we evaluate both our OOLR solution and the FTRL baseline

against real-world data.

5.2 Problem formulation

5.2.1 Feasible set

The NO can impose upper limits on the requests of the SP. For instance, the reservation
request for resource ¢ must belong to the set I; = [0, D;], where D; is the limit imposed by
the NO on resource i. Therefore, the SP request will belong to I X ... X I},, which we
denote A. Such limitations arise from natural capacity constraints of the network, in charge
of multiple services and its own needs. In some cases, the NO can be unable to fulfill the
SP request, especially when the network is congested due to high users’ demand load and
heavy SPs requests. The NO must guarantee a certain SLA, which we relate to the respect
of a certain threshold ratio of the requested amount resource. For instance, the NO must
deliver at least ae = 80% of the desired capacity for the resource. We envision this scenario
as an extension and assume from now that the NO must comply with the whole request if

it belongs to I7;.
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5.2.2 Unconstrained convex problem

In the previous chapter, we faced a constrained convex programm and thus the algorithm
of Mohri and Yang [116] is not applicable. Thus we must reformulate this programm in an
unconstrained manner while keeping the same information it contains about utility and cost

derived from the reservation. The new unconstrained convex programm is:

T
(P): (o, ; (Vat log((@; + i) 6 + 1)
~ ([ +a/w)) (5.1)
st. oy €A, Vt=1,....T, (5.2)
x, €A, Vi=1,...,T. (5.3)

In Objective (5.1), we recognize the weighted sum of the slice performance (logarithmic
term) and the payments (linear term). The latter term has a minus sign as the SP seeks to
minimize its monetary cost. We sum over the number of slots 7', as the goal is to maximize
this weighted sum in the long-term. Constraints (5.2) and (5.3) ensure the decisions belong
to the constraint convex set A. We define the hyper-parameter V' > 1 which balance the
influence between the two terms (utility term and cost term). The bigger V, the more we

favor the slice utility in the detriment of the cost of reservation.

(P) is a convex optimization problem but cannot be tackled directly due to the following

challenges:

e the users’ demand {a;} is unknown, time-varying and non-stationary;

e the unit prices {q;} and {p;}, are unknown, time-varying and non-stationary;

Due to these challenges, the convex problem (P) cannot be solved at ¢t = 1 for the next

T slots. Henceforth we define the vector function, at each slot ¢:

fi(®e,yr) = —Vaglog((xe +yi) ' 0 + 1) (5.4)

+(p; z: + q/ yr) (5.5)
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The function f; is convex which allows us to use the OCO framework. Our goal is to decide
at each slot ¢ the reservation plan z; = (x4, y;) and achieve in the long term a sublinear

regret as defined in equation (2.3.1).

5.3 Optimistic Online Learning for Reservation

5.3.1 Algorithm

Our approach is inspired from the FTRL policy, whereby the learner aims to minimize the

loss on all past slots plus a regularization term:

¢
Vt, = i (2)+ R 5.6
Zi1 = arg min ; fi(2) + R(2) (5.6)
Due to the convexity of f;, the following property holds:

fi(ze) = fu(2) < V(=) T (2 — 27) (5.7)

which means that the regret against the functions {f;} is upper-bounded by the regret
against their linearized form f,(z) = V f,(2;) "z [117]. Consequently, the FTRL algorithm
simplifies to:

t
_ ; (T
Vt, 2441 = arg in ; Vfi(zi)' z+ R(2) (5.8)

In our approach, we consider an additional gradient term, which is the optimistic next
slot gradient prediction VJ/C;+1(2t+1). In the FTRL, the regularization function is quadratic

R(z) = %sz In contrast, we design a sequence of proximal regularizers:

Vi=1...T, rt(z):%Hz—thQ, (5.9)
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Algorithm OOLR: Optimistic Online Learning for Reservation

Initialize:

z1 €A% 0 =1, a1, q, fi(z1)

1 for t=1,...,T—1do

2 Observe the new prediction of the gradient Vﬁﬂ(%}“)

3 Decide z¢4+1 by solving (5.12)

4 Observe the demand a4 1, the reservation price p;41, the spot price g;11, the
contributions 641

5 | Calculate fi11(2¢41) and Vfii1(2e41)
6 | Update ri.411(2) according to (5.9) and (5.10)
with |[|.|| the Euclidean norm. The regularizer parameters are:

op = U(\/E - \/h1:t71>, (5.10)

he = |V fulz) — Vi(Z)]1% (5.11)

where o > 0, and hy.; = Zle h;.

All the above lead to the final form of our algorithm decision step:

Zi41 = arg min {rlzt(z)—i—
z€A2

(Zt:Vfi(Zi) + Vi (241)) T2} (5.12)

i=1

5.3.2 Performance analysis

We start with the necessary assumptions.

Assumption 12. The sets I, i = 1...m, are convex and compact, and it holds |x| < D,

for any x € T}t
Assumption 13. The function f; is convez.
Assumption 14. {r;}_, is a sequence of prozimal non-negative functions.

Assumption 15. Prediction Vﬁ+l(2t+1) 18 known at t.

'Note that we can rename the set I x ... x I',, as A and simply assume A is a compact convex set
with diameter D. The design of the different sets I allows us to choose a different reservation restriction
for each resource type.
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Corollary 1. Under Assumptions 12-15, we derive from [116, Theorem 1] and [123, The-

orem 1] the following regret bound:

T
R(T) < \| S IVAG) - VREIPC + S2D7) (513)
t=1

Proof. First let’s remark that the function ho. : z — r0.4(2) + (c1.¢ + G41) | 2 is 1-strongly
convex, with respect to the norm ||.||4). It allows us to use [116, Theorem 1], which yields

regret:

T
R(T) <rip(2) + ) _llee — &lfy,. V2" € A? (5.14)
t=1

Now, we define the norm ||z||;) = \/01||z||, which has dual norm ||z|| . = [|z[|/\/o1:-

We remark that 01,4 = ov/h1., and starting from (5.14), we get:

T T
g ht
R(T) < =Y (Whig — Vhi)||z* =z + 5.15
o - 4 h
<3 Z(\/ hit — Vhig-1)2D* + Z d
t=1 t=1 g h’l:t
We use the first order definition of convexity on the square root function to get:
1
hit — v/h1i—1 < ———=(h1.4 — h14—
Vhie— 1.t1_2\/m(1t 1:t-1)
hy
2\/ hl:t
Thus,
) Looh
R(T) < = Lop? 4y 5.16
( ) 4 tZ:; hi1t tz:; ovhiy ( )

From [124, Lemma 3.5|, we have:
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DTN (.17

t=1 :

%
—_
~+

Plugging this result into (5.16), it yields:

R(T) < Vinalo + 92D%) (5.18)

Remark 1. We observe that a certain value of ¢ can minimize the upper-bound on the
regret, but one has to know the diameter of the decision set v/2D. The very value of o

which minimizes the upper-bound is:

V2
We re-write the upper bound:
T ~
R(T) <2v2D,| Y [V fi(z) = Vu(Z)| P (5.20)
t=1

Remark 2. The regret bound is in O(v/T), and becomes null when the predictions are
perfect, i.e. when V¢, Vﬁ(%) = Vfi(z).

Remark 3. We implement an online learning prediction method [119] that learns how
to predict the gradient with the regret O(2mGM+/T), where G and M are key constant in
[119], and m is the number or resource types. Other prediction methods could be applied to
the prediction of the gradient; however, this online learning method offers sublinear regret

guarantees against all types of traces, even non-stationary.
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5.3.3 Model Extension

We envision the case where the NO fails to fulfill the SP request in its entirety but must
still comply with at least a certain ratio of what has been requested. Formally, we multiply
the elements of the request vector &; with a vector a; whose items belong to the set [a, 1],
where the value of « is representative of the SLA the NO and the SP have agreed upon.
Similarly, we multiply the request vector on the spot market y; with a vector 3;, whose

items belong to [, 1].

We redefine the problem as:

T
(P)ext : max Z (Vat log((&; + §;) " 0; + 1)
{oe{uettioy 1
— (b &+ al 0)) (5.21)
st. oy €A, Vt=1,...,T, (5.22)
xeA, Vi=1,...,T. (5.23)
(5.24)
where ; = o © ¢, and ¥y, = B¢ © y;. The notation ® corresponds to the element-

wise multiplication of two vectors also called the Adamar product. The latter is a linear
operator, as it is equivalent to the product Ax; (By;), where A (B) is a diagonal matrix
whose elements are the items of the vector ay (B;). Thus it conserves the convexity of the

problem and we can still apply the same OOLR solution.

5.4 Numerical Evaluation

5.4.1 Experimental scenario

We consider an MVNO which aims to acquire network resources that constitute the end-
to-end network slice dedicated to its specific network service. Confronted with unknown
and evolving traces such as the users’ demand, the prices, and contributions of the network

resources, the MVNO will follow the online reservation strategy designed by our OOLR
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solution. We consider the base case where the MVNO faces the incoming demand at one
BS and must reserve m = 3 types of resources to deliver its network service, encompassing
radio resources at the BS, backhaul link capacity, and computing resources at the core. This

base case falls under the scope of our system model.

To model user demand, we use a real-world data set that contains the aggregated traffic
volumes seen across multiple BSs owned by a major MNO of Shanghai. We refer the reader

to subsection 3.5.1 for more details about the data set we use.

We assume the network resources prices vary with non-stationary dynamics. We model
such variations with an AR(1) (Auto-Regressive with 1 lag) process, the discrete-time equi-
valent of the Ornstein-Ulhenbeck (OU) process. This stochastic process is applied in finan-
cial mathematics to model stock prices. We model the contribution parameters -items of
vector @4~ as varying and non-stationary. Each item follows a seasonal trend (sine wave),

with an offset and added OU stochastic process.

We compare the OOLRgrad solution to the FTRL baseline. The latter consists of the
update as defined in equation (5.8). We introduce the parameter ¢ to control the quality
of different prediction models, where ( is the average relative error rate of the prediction
Vﬁ+1(2t+1) against the real value Vfii1(z441). We set ¢ = 0,0.3 and 4 to represent
prediction models from perfect accuracy to arbitrarily bad. This allows us to introduce

three OOLR baselines, with different levels of prediction accuracy.

5.4.2 Technical implementation

We present numerical tests that verifies the regret bound presented in section 5.3. We also
compare the OOLR solution to the FTRL baseline. The solutions, available to the com-
munity at our public GitHub?, are developed under Python 3.6 programming environment
and we use scipy.optimize to solve the quadratic problems of the OOLR solution (5.12) and
of the FTRL baseline (5.8). The ipopt convex solver of Python is applied to find the optimal

static and dynamic solutions of the problem (P).

We provide an overview of our simulation architecture in Fig. 5.1. We generate the

traces of demand, prices and contributions which are the inputs of our online learning

https://github.com/jeanbal9/OO0LRgrad
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data processing OU noise sine wave
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|

> FTRL

created

modified

benchmarks, ipopt
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Figure 5.1: Architecture of our simulation

solution OOLRgrad. In parallel, we compute the past gradient values based on these traces
and we predict the next slot gradient value with the ARMA-OGD model. The prediction is

incorporated into the OOLRgrad solution, which we then compare with the FTRL baseline.

5.4.3 Prediction module

The solution OOLR is optimistic in the sense it allows the SP to use the predicted gradient
term Vﬁ+1(2t+1) of the next slot. In (5.13), we concluded that accurate predictions can
greatly enhance the performance, as the regret bound goes from O(y/T) when predictions
are arbitrarily bad to O(1) when predictions are almost perfect. This observation paves the
way to the introduction of a prediction module, in support of our OOLR. decision algorithm.
We aim to find an accurate, robust and computationally low model. The algorithm ARMA-
OGD created by Anava et al. in [119] presents these three key advantages. It consists of
learning the AR(q) signal of the trace where the ¢ lag coefficients are updated online at
each slot by the gradient descent method. The algorithm guarantees that the total loss is

no more on average than the loss of the best ARMA predictor with full hindsight.

First, we show in Fig. 5.2 that the model is accurate against two intricate signals. The
SP demand is based on multiple latent factors, which makes the signal non-stationary and

hard to predict. Yet, we observe the predicted signal is able to track the SP demand. The
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2m gradient items are composed of multiple signals, namely the SP demand, the prices and
contributions of the network resources, as the reader can observe in the following expression

of the gradient:

afi1
4 1+ (ze+ye) ' 04 + P

aifi,2
1+ (ze+ye) ' 04 + Pr,2

atOt,m

Vet
1 To m
Vfi(z) = v (5.25)
o 1+(mt+g}t)T0t +ae
atby,2
TV 14 (zetye) T O: T Q2

atbt,m
| lH(zetye) T O * dtm |

Yet again, the model is able to give an accurate predicted signal. Secondly, ARMA-OGD
provides guarantees of performance against all types of traces, which ensures its robustness.
The total squared loss of the model is a O(v/T) 4 Res, where Res represents the residual
squared loss of the best ARMA predictor with full hindsight of the target signal. We show in
Fig. 5.3 the convergence of the average squared loss towards Res. Finally, the ARMA-OGD
is based on the OGD update step, which is very low computationally and allows us to develop
the algorithm alongside the OOLR solution. We insist here that the two combined solutions
having both low time complexity allow the SP to take optimistic decisions in real time.
There exists other models which employ advanced techniques such as Neural Networks that
would obtain better accuracy than the ARMA-OGD. Nevertheless, these models necessitate
an offline training phase, do not provide guarantees of performance, and have higher time

complexity.

5.4.4 Impact of the quality of predictions

The SP can reserve m = 3 kinds of resources. We assume the NO sets the upper bound
constraint to D; = 1,Vi. This means the SP reserves normalized values for each type
of resource. Our goal is to maximize the SP utility while avoiding excessive reservation

cost. We balance between the two terms (utility and cost) using the hyper-parameter V.We
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Figure 5.2: The x-axis encompasses the first week of August period. Upper part: the predicted
signal against the real-world MVNO demand signal. The y-axis values are normalized. Lower part:
the predicted signal against the first of the gradient 2m items.
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Figure 5.3: We evaluate the accuracy of the models on the first week of August. Left side: We
observe the convergence of the average squared loss of the predicted gradient first item towards the
best ARMA in hindsight. Right side: We observe the convergence of the average squared loss of the
predicted MVNO demand toward the best ARMA in hindsight.
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calibrate V = 2 to have both terms of the same order.

We call OOLRgrad the online decision algorithm OOLR because the prediction method
ARMA-OGD is directly applied to the gradient items. We expect a regret bound of
O(V Res ++/T). We show in Fig. 5.4(a) against the static benchmark the performance
of the OOLRgrad solution, the classical FTRL algorithm with euclidean regularizer and
the different OOLR models ( = 0,0.3 and 4. We first observe the convergence of the aver-
age regret Ry /T towards 0 for the five models, which confirm the regret bound of O(v/T)
even for arbitrarily bad predictions (represented by the OOLR ¢ = 4 model). Secondly, we
observe a negative regret for the other four models, which confirm the O(1) regret bound
when the predictions are accurate and the accumulated error S, ||V fi(z¢) — Vii(Z))?
is close to 0. Zooming in the last slots, we remark that our OOLRgrad solution based on
the ARMA-OGD predictor shows better performance than the OOLR solution with a 70%
accurate predictor (¢ = 0.3) and is inferior to the OOLR with perfect predictor (¢ = 0).
The OORLgrad and the OOLR ¢ = 0, 0.3 solutions outperform the FTRL baseline, which
shows that the incorporation of accurate predictions enhances the performance. One needs
to be cautious as arbitrarily bad predictions (OOLR ¢ = 4) worsens the performance. In
Fig. 5.4(b), we show the performance of the same solutions against the optimal benchmark.
Against such competitive benchmark, the regret cannot be sublinear and thus the conver-
gence of Rp/T towards 0 is not achieved. Nevertheless, we observe that the OOLRgrad

solution displays good performance when compared to the different baselines.

A — (=0
04" -
_ " ///_// — g ; 2'3 _ 0al W
=02 950 1000 FTRL =
e OOLRgrad &3 02 1
. M —
' ] ' 0.04 950 1000
0 500 1000 0 500 1000
horizon T’ horizon T’
(a) Static regret (b) Dynamic regret

Figure 5.4: Evolution of the regret Ry /T: Horizon T = 1008, m =3, V =2, D = [1,1,1], D = /3,
o =+/2/D.

PhD Thesis Jean-Baptiste Monteil



5.5 Conclusion 105
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Figure 5.5: Ewvolution of static Ry /T: Horizon T = 1008, m = 3, V =2, D = [1,1,1], D = /3,
o =1+2/D.

5.4.5 Extension

Now we evaluate the OOLRgrad solution in the scenario where the NO is unable to fulfill the
SP request in its entirety. We focus on a basic scenario in which the NO ensures a minimum
ratio of « for all kinds of resources — in a more complex scenario the NO commits to a ratio
of «; for each resource i, where «; are possibly different. Thus, for each resource i at slot ¢,
the SP expect to receive a ratio a;; that belongs to the set [a, 1]. We draw the {c;}; from
the uniform distribution on [o, 1]. We assume that the NO consistently deliver all requested
spot resources, thus we keep 8§ = 1. We observe in Fig. 5.5 the regret performance of the
OOLRgrad solution for three different SLAs, which are o € {0.5,0.8,0.95}. We observe
that the performance stays similar regardless of the SLA the SP has complied for, which

implies our OOLRgrad solution is consistently applicable.

5.5 Conclusion

In this chapter, we introduced the OOLR algorithm that allows the SP to make reservations
under uncertainty while incorporating predictions about the future gradient. We then pro-
posed to combine this decision model with a prediction model, thus creating the OOLRgrad
solution with better performance than the classical FTRL solution. The OORLgrad solution
presents a regret bound of O(v/ Res + VT) ~ O(VaT +VT) ~ O(V/T). The accumulated
error Res of the best ARMA model with full hindsight grows with T. Depending on the

nature of the traces, the parameter o can be very low and counterbalance the growth of T
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We focus here on a very volatile case with real world and non-stationary traces (see Fig.
5.2), and still observe a low value of « in Fig. 5.3. It would be interesting at this stage to
find the family of traces for which Res = O(v/T), leading to an improved regret bound of
O(TV4).
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6 Conclusions and future directions

This thesis has focused on the resource provisioning/reservation problem from the SP’s
perspective in virtualized communication networks. This chapter contains a summary of
the main achievements of the thesis, discusses how to extend the research and presents
the future trends of network slicing. Section 6.1 provides a high-level discussion of the
achievements of the thesis, section 6.2 discusses the limitations of the thesis and investigates
the potential directions for the future research, and section 6.3 presents the future challenges

in 6G networks.

6.1 Thesis achievements

The main goal of this thesis has been to design the SP reservation policy of network slices.
Specifically, we addressed three research questions — that we summarize below — to realize
this goal. RQ1 focuses on the type of request the SP must formulate to acquire a complete
E2E network slice. RQ2 considers the reservation of the SP in the context of RAN. RQ3
investigates the buy-sell relation between the SP and the NO in the network slicing market.
We begun with a machine learning solution to address RQ2, i.e. the design of a resource
reservation policy for the SP in the context of RAN. We then extended the scope of the
reservation to multiple types of resources by addressing RQ1 with the design of an online
reservation policy based on OCO. We addressed RQ3 in the same time by considering the
price of the resources in the SP optimization process. We gave guarantees of performance,
either experimental or mathematical, for each of our solutions. We relied on the tools of
OCO to build analytic expressions of the worst performance our solutions could produce.

We discussed trade-offs on the key parameters of our decision models.
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We considered first the reservation of RAN resources to address RQ2. We applied su-
pervised learning tools and characterized the optimal reservation policy to generate the
labels for training. The DNN and LSTM solutions were trained offline and then validated
online. Simulating different network traffic conditions, we evaluated the solutions against
the ARIMA baseline. We defined three different metrics to assess the performance of our
solutions: the MSE, the over-reservation and the under-reservation. The supervised solu-
tions produced better results for multi-steps ahead reservations and reduced significantly
the over-reservation. These solutions are promising, as they can perform decisions on the
SP’s requests a long time ahead. The SP can plan its needs of radio capacity at each BS and
communicate them to the MNO. Ultimately, this type of request may render the resource
allocation task of the MNO easier than high-level QoS specifications. The MNO would have
to accept or reject each request through admission control. Nevertheless, they necessitate
an offline training phase, which requires the access to historical data of traffic at multiple

BSs of the network.

We then extended the scope of the reservation model to multiple types of resources (m in
total). The optimization formulation allowed us to consider the cost of the reservation, which
counter-balances the utility driven from such reservation, through a constrained convex
program where the objective is to maximize the utility, under a budget constraint for the
purchase of resources. Given such formulation, there exists a natural trade-off between the
maximization of the utility with big reservations and the minimization of the cost with
small reservations, that we were able to control through the hyper-parameter /learning rate
w1 of our solution algorithm. The designed solution is a primal-dual algorithm inspired
by [1], where we minimize the Lagrangian for the primal update and we perform gradient
ascent of the Lagrangian for the dual update. The basic algorithm was extended into
two directions: the reservation of multiple types of resource that can compose a network
slice, and the reservation of additional spot resources yielding to slice re-configuration.
We provided regret and fit bounds. We thoroughly analyzed the budget parameter B.
Unsurprisingly, a very high value of allocated budget provides the best result, which favors
wealthy SPs. Nevertheless, we found that the value B = (p + K¢)/2 minimizes the regret

bound, and the value B = (p + K¢q)/8 brings forth a peak of performance, which would
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benefit a cost-saving strategy of the SP.

We finally expanded the model to include predictions into the main reservation decision
solution. We applied an optimistic online learning solution to our problem by incorporating
key prediction of the next slot gradient into the decision model. The typical solution is
based on the FTRL algorithm and considers an additional optimistic term, which is the
prediction. These optimistic methods provide for the static regret a bound of v/T' when the
accumulated prediction error is growing with 7" and a bound of O(1) when the predictions
are perfect. We then associated the decision model with a prediction model based on online
gradient descent. Our combined solution outperformed the FTRL algorithm and performed
almost as good as if the decision model received perfect predictions of the next slot gradient.
We evaluated the solution under real world settings and considered the case where the NO
cannot fulfill the entire request of the SP due to resource scarcity /high number of requests.
We observed that even with a 50% acceptance rate, the performance of the SP does not
worsen. The derived optimistic solution, if given accurate predictions from a reliable model,
yields to improved level of performance. Moreover, the performance of the solution is robust

to congested traffic conditions that cause the NO to fail to address the request.

6.2 Futures directions of the research

The most immediate extension of our research is the sequel of chapter 5. The optimistic
methods with dynamic regret analysis have been recently explored in the literature [125,
126]. Building on such solutions, e.g. the optimistic online mirror descent in [126], we
can provide dynamic regret guarantees and derive new lemmas specific to our resource
reservation problem. With no hindrance to the mathematical properties of the formulated
problem, we can also refine the reservation model by considering more than two timescales.
This will unlock the reservation of resources with different lifetimes, i.e. the lease of VMs
typically lasts one hour [36], sub-channels for data packet transmission a few seconds [46].
Unlike [46, 47|, our reservation model lacks a resource allocation policy. In the different
chapters, we only consider the aggregated demand a; of a set of users. We can modify
this term in the objective by a set of individual users i € N with specific demand a!.

The aggregated demand becomes Zyg = ai. Once resources have been reserved for this
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equivalent term of aggregated demand, we can apply a dynamic resource allocation policy
which maximizes the total utility and consider fairness between the users. We remark that
only some SPs like MVNOs have a level of control on the network and can perform resource

allocation.

The scope of the SP’s perspective is limited in the context of network slicing. Taking a
step back to see the broader picture from the perspective of the NO is an interesting in-depth
study of our solutions. Considering multiple SPs using our reservation model to decide their
requests, the NO would complete the admission control to maximize its own profit. This
work could complement other approaches like [26], [17], where the authors consider requests
following well-behaved probability distributions, e.g. exponential, uniform. We can evaluate
the network utilization, the net profit of the NO, the net social welfare of the NO and SPs

under these settings.

A promising direction of the current research would be to assess the performance of the
developed solutions on the existing families of slices: URLLC, eMBB and mMTC, or on use
cases like video streaming services. The general formulation in chapter 4 can be adapted to
specific cases, as long as the convexity of the formulated problem is conserved. Specifically,
we consider to apply the designed reservation model to the video streaming use case [127],
where the problem is typically to maximize a utility function while complying with capacity

or budget constraints.

6.3 Future trends in network slicing

In RAN slicing, the resource sharing remains the most challenging part faced by the operat-
ors. The dynamic sharing and allocation of radio resources renders impossible the isolation
and poses reliability and safety issues, especially for critical services; while the static par-
tition yields to under- and over-utilization as the demand from each SP varies over time.
In chapter 3, we partly addressed this issue by anticipating the allocation of dedicated and
isolated resources with in advance requests. Nevertheless, the reservations made long in ad-
vance are far from optimal. The virtualized RAN is a promising trend which pools several

base station workloads on the same processing hardware [128]. Most BS functions, can be
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relocated to a central unit, while the radio units manage physical layer tasks and exchange
data with the central unit [32]. The RAN/BS functions placement either at the radio units
or the central unit and the routing path decisions between unit pairs can be optimized to
obtain a cost efficient RAN [32]. This virtualization technique of RAN resources paves the

way to the application of RAN slicing.

Another trend of the research is the design of efficient MEC networks. MEC (Multi-
access Edge Computing or Mobile Edge Computing) consists of relocating computing re-
sources close the RAN edge of the network. This new network architecture offers proximity
(servers are close to the mobile end users), and lower latency (servers can process compute-
intensive applications) [129]. The ETSI white paper [130] lists different envisioned scenarios:
augmented reality, intelligent video acceleration, connected cars, loT gateway. The MEC
architecture offers a promising alternative to classical RAN with the regard to the develop-
ment of these use cases. Nevertheless, the deployment of MEC networks poses real challenges
with regard to the resource allocation. The number of users and applications grows and
computing resources at the edge remain scarce. A distributed resource allocation adapting
to the different objectives of the use cases and the different constraints of the network is the

most interesting direction.
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7 Appendices

7.1 Proof of Lemma 1

The proof of this lemma becomes trivial with the visual help of Fig. 7.1. In the first
case, the sum of the MNO and the SP traces is less than the capacity ¢, thus the optimal
reservation is zero. In the second case, the sum is more than ¢, with the MNO trace less
than ¢. The optimal choice for the SP is to have ¢ — [ served as best-effort traffic and
thus must only reserve s; — (¢ — Ilg). In the third case, the MNO trace is more than c.
Thus the SP must reserve for its entire trace s;. In the fourth case, the SP trace is more
than c¢. As the SP cannot reserve more than the available capacity ¢, then the optimal
reservation is c¢. This yields to the claim of lemma 1, if sp + [ < ¢ then ] = 0, else

rp = min(min(sy — (¢ — lg), k), ¢).
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Figure 7.1: Different cases for the optimal reservation
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7.2 Applicability of [1, Theorems 1 and 2] to our problem

In this section, we go through the details of the proofs in [1] to verify the applicability
of their theorems to our case. This section does not provide any new contribution and is

entirely based on the proofs presented in [1].

We first verify the applicability of Theorem 1. We start by the dual upper bound .

From it, we will derive the upper bound on the fit Vi

Definition 1. The dual drift is defined as A(N) := (A, — A7)/2.

We find an upper bound for the dual drift:

M=+ Mgt(zt)]JrZ
< (A¢ + pge(z))” 1)

= A7+ 2uNgi(21) + 12 g0 (21)?

Thus,
2

A(Ae) < pAege(ze) + %gt(zt)2 (7.2)

We use the function L(z, A¢11) defined in (4.11) and we recall that z,y; is the optimal
solution of the problem minycz Li(2, A¢11). Thus, for any interior point 2Z;, such that
gt(Z1) < —e, we have:

Li(ze41, Mey1) < Li(Z¢, A1) (7.3)

which leads to:
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) T T
Aer19¢(zee1) < Vfi(ze) (20— 2¢) = Vi(ze) (241 — 21)
- 1, . 1
+ Aer19:(Ze) + 2 12 — ze|)* — 20 2041 — 2]
(b)
< Vft(zt)T(it —zt) — Vft(zt)T(th — z)
1 . 1
— €A1+ % 12 — 2] — 2 | ze11 — 2|
© Tz T
< Vfz) (2 —2) = Vii(z) (ze41 — 21) (7.4)

El2
— e\ =
€A1 + 2

(d) .
< [IVFi(zll 120 = zell + IV fe(ze) 2040 — 2¢)

E2
— e _
€ t+1+ 2

2

(e) FE
< 2GE —eh1 +
2v

where (a) follows from (7.3), rearranging the terms to isolate Aty1g:(z¢4+1), (b) uses

9:(2¢) < —e, (c) holds since Z confines ||Z; — z||* < E? and ||z¢41 — 2]|* > 0, (d) uses the

Cauchy-Schwartz inequality twice, (e) leverages the upper bounds from (7.25) and (7.27).

Plugging (7.4) into (7.2), we have

2
A(Atg1) < phir1ger1(2zee1) + %gt+l(zt+1)2
(f)
< p(ANe19e41(Ze1) — Mr19e(2e41))
E2 M2M2

< pA 191 (ze41) — ge(ze1)]T — ped

E2 2M2
+ouGE + 4 B
2v 2

(h)
< pAi1(Ug =€)

E?  uM?
2GE + —
+p2GE + oo+ )

where (f) uses the trick to add and retrieve the same quantity A\;y19:(2¢+1) and leverages

the bounds from (7.26) and (7.4), (g) holds since pAi+1 > 0, (h) comes from the definition

of Uy = maxzez [[gr+1(2e41) — ge(ze11)] T and VE, U, < U,.
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We finish the proof of the dual upper bound by contradiction. Let’s presume ¢ + 2 is
the first period for which the dual upper bound X as defined in Lemma 2 does not hold.

Therefore,

2GE + E%/(2 M?2)/2
Mot < bt 4 2GEHET/ @) + ()] (7.6)
E—Ug

and

2GE + E?/(2v) + (uM?)/2
Nesa| > uM + / ’g (M) (7.7)
€— Uy

Working on |A\¢11], we get

Aev1] = [Aer2 — Mgz — Aega)|

> [Ai2| = (A2 — ey

= |Ait2| — HAtJrl + g1 (ze41)] T — A
(7.8)
= A2l — [uger1(zer1)]
> |Aiga| — M
. 2GE + E?/(2v) + (uM?)/2
e—U,

If we multiply both sides by u(U, — €), which is strictly negative thanks to Assumption
7, (7.8) is equivalent to
E?  uM?

N(f]g —€) [Adey1] < —p(2GE + o + :

) (7.9)

Passing all the terms on the left side, we deduce from (7.5)

A()\prl) <0 (7.10)

which means that |Aiy2| < |[A\41]| and that contradicts our presumption! As we set

A1 = 0, then |Ao| < pM. Thus, for every t > 1, [N < X holds. The proof for the fit Vp
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quickly follows:

Ay = A1+ pgr(zr)]*
T (7.11)
> A+ pgr(zr) > M+ Y pgi(z)
t=1
Then we have
T A
th(zt) S T+l (712)
t=1 H
as A1 = 0. Non-negativity of Ar4q implies
T A
Dzt < A
t=1 H
- A
= D gzt < 2 (7.13)
t=1 ©
A
1

which completes the proof and verifies our fit bound of Lemma, 2.

Secondly, we verify the applicability of Theorem 2, which validates our regret bound
of Lemma 2. It can be shown that L;(z,A), which we will denote as L;(z) for brevity, is
1/v-strongly convex with regard to z, which implies that for any «,y, we have [80, Chapter
2.1]

Lily) > L) + V(@) (y — @) + 5 [ly — o (7.14)

Since z;+1 minimizes the problem minyec z Li(z, A\i11), the optimality condition [80, Theorem

2.2] applies
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VLi(ze41) (Y —241) 20  VyeZ (7.15)

Setting y = 2z} and © = 241 in (7.14), we have, using (7.15),

1 *
Li(2}) > Li(z41) + % I2; — 21| (7.16)

Then, (7.16) leads to

1
Li(zi11) < Li(2;) — % [k

<~ fi(zt) + Li(ze41) < fi(ze) + Li(2))

——|lzf =z
2v (7.17)

= fi(z) + Vi(z) (2 — 21)

Lo 2 2
FAer19¢(2f) + 5(”% —zi|l” = llzf — ze41]7)

(a)

* 1 * 2 * 2
< filzh) + 0+ ol = 2" = 2t = zell)

where (a) uses the convexity of f and set A\16:(2;) to 0. Indeed, A\iy194(2f) < 0 as

At+1 > 0 and the per-slot optimal z; is always feasible, i.e. g.(z;) <0.

We recall the expression of Li(z¢11):

|zt41 — 24 (7.18)

Li(zt11) = V fi(2e) T(ze41 — 2¢) + Aer19¢(2e41) + 5

Next, we seck to bound the term —V fi(z¢) " (241 — 2¢) by

(b)
~Vi(z) (zes1 — 20) < |IVFi(zo)|| ||2e41 — 2]

© VI 7 2
< —7 4 — — 7.19
< o +3 | 2t4+1 — 2] (7.19)
(d) G2 n
< P + B lze1 — 2
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where (b) uses Cauchy-Schwartz inequality, (c) is true for any arbitrary positive constant
7, (d) uses the upper bound from (7.25). Plugging (7.19) into (7.17), we can isolate fi(z:)+

Atr19¢(2e41)-

n 1
(5 - 5) [
G2

2n

Je(ze) + Mev19e(ze41) < fel(z)) +

1 * 2 * 2
ooz = zelI” = llz8 — 241 ]) +
(7.20)

(e) * ]' E3 *
= felz) + oo (2 — 2 = |12 = zeall*)

2v
+1/G2
2

where (e) happens as we choose n = 1/v so that /2 —1/2v = 0. Using the dual drift
bound in (7.2), we have

A(N
A1) + fi(z) < Ng1(ge41(2e41) — 9e(2e41))
+fi(ze) + Mer19e(2ze41) + ggt+1(zt+1)2

(f)
< Meg1[ge41(ze1) — ge(zer)] T + fi(2))

1 2 2 I/G2
512 = 2l = 1= = 24 ?) + 5 (7.21)
pge1(Ze41)?
2

(g) 1 9 9
< filz0) + o (28 = 2" = [z = ze4]7)
5 vG?  pM?

UL+ —

+AU  + 5 + 5

where (f) uses the non-negativity of A1 and (7.20), (g) comes from the upper bound

[9t+1(2041) — g¢(2e41)] 7| < U, the dual upper bound A¢y1 < A and (7.26).
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By interpolating the norm terms, we have :

25 — z® = |25 — zesa|I?
= llzf — ze* = ||z¢ — 2zfa||” + || 2 — 24

—llzf =zl

, (7.22)
= [[=f = =il =0 = 220 + 20| + [l=e = =]
—ll2f =zt
< Hzt -z 1H2E+ Hzt_zt 1” |2¢ —Zt+1||
where (h) follows from the diameter of Z. Plugging (7.22) into (7.21), we have:
A(A G2
AAer) + fi(z) < ft(zt) +)\Ut + =
H (7.23)
pM> t * 2
+—=—+5 (QBU! A+ ||z~ 2P~ N2 — 2 l?)
where we use HZZ‘ — zf_1}| = U! in the left-hand-side.
Summing up (7.23) over t = 1...T, and rearranging the terms, we find
T T 9
. < vG“T
> filz) =D flED) < AU, + 5
t=1 t=1
uTM?  EU, 1 <« 2
2
+ + =2+ = (2 — 2" = N2 = zeal?)
2 2v pt
B Z )\t+1
7.24
i)~ vTG? ,uTM2 EU, (7:24)
=AUy + + +
2 2 v
1 *2 * 2 1
+o (2 = 2" = llzp — 2r4]%) — ﬂ()\%mrz ~A3)

vTG? N wT M? N EU,

< \U

= AUg 2 2 v
E?  uM?
T, T

where (j) comes from the telescoping sums, (k) uses ||z} —zT+1||2 > 0, )\2T+2 > 0,
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|21 — z5||? < E?, A} < u®M?. This completes the proof and verifies our regret bound in

Lemma 2.

Following the same steps and using the bounds presented in section 7.4, we verify the

results of Lemma 3.

7.3 Proof of Lemma 2

Our starting point is Theorems 1 and 2 of [1]. First, we will prove that:

IV (zO)| < G2 aV/K(K+1), Vay,y, € Ik €Ky (7.25)

Indeed, we can calculate the gradient vector:

_ Z __Qk
kEICt 1+£Bt+yk
_ A(t—1)K+1
1 _
Viilz) = | e

_ At K
1+aetyix J

where V fi(z;) € RE*1. We can observe that the reservation variables appear only in the
denominator of the gradient components, hence its norm is maximized when these variables

are set equal to zero. Hence, we can write for the £ norm:

2
a
IV (0P < VAP = (3 22+ L5 4
ke

2
+%TK§(Z a)? +a’+ ... +a?
keEK:

= K?%* 4+ Ka® = *K(K + 1)

which gives us the expression of the upper-bound G.
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Second, for all t, k € Iy and x¢,y € I

0<pwwi+ » aquyr <pD+KqD =
ke

— B < g(z4,y) < D(p+Kq) —B =

lgt(ze, yr)| < max{D(p + Kq) — B,B} =M. (7.26)

Finally, the £y diameter E of Z = [0, D]+ is:

Vo,y € 2, d(m,y) <D+ D?+ ...+ D? (7.27)

=DVK +1

Replacing these bounds in [1, Theorem 1] we obtain the bounds of Lemma 2.

7.4 Proof of Lemma 3

Similarly, we first prove an upper bound on the gradient of the objective function, namely

we will show that Vt, k € Ky, @y, yp € I X ... X I}y, it holds:

IV (z0)]| < Go 2 af/mK (K +1).

The gradient vector is:

-3 ___arbr
ke 1+0;wt+93yk
o a(t—l)K+19t
1+6,] x:+0,"
O R IR

_ a0t
1—‘,—9; T +0tT YK
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and we maximize the norm by setting z; = 0 and using the maximum possible parameter

values, namely 8; = [0,...,0]" and Vk,a;, = a. Then, we can write:

m ax
VA )P < IVAO12 =D (D 50
i=1 kek:
< (a(t—l)K-H 2 L atK 2
§ YR ey +Z .

i=1

< m( Z a)26? + ma?6* + ... ma>6?
ke

< mK2a?0% + Kma?6* = (af)*mK (K + 1)

which gives us the expression of the bound Gy.

Second, for all t,k € Ky and @y, yr € 11 X ... X Iy

0<p/zi+ > qlyr<
ke

pD1+ ...+ pDp+ K(gD1 + ...+ qDy,) =

~ B < ¢(xi,{yx}) < (D1 + ...+ Dp)(p+ Kq) — B=

197 (¢, {yr})| < max{(D1 + ...+ Dy)(p+ Kq) — B,B}

Finally, the diameter F of Z = [0, D;]XT1x™, is:

Ve,y € Z, d@y) < /(DI ...+ DZ)(K +1) (7.28)

=/D?+ ...+ D:VK +1 (7.29)

And plugging these terms in [1, Theorem 1| we obtain Lemma 3.
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7.5 Proof of Lemma 4

Let’s prove the first part of the lemma, ie. U, = TD(p + Kq)/6. We denote z =

(20,21, ..., 25| | and Uy = Z?:l Ué, then:

Uy = max|[g:(2) — gi-1(2)]+|

2e 2
K

= max [(pr = pe—1)20 + > (G- 1)Kk — Qt—2)K+8) )+ (7.30)
) =1
= max |[Yozo + ; Yizk)+|

where we have introduced the random variables Yo = py — pr—1 and Yy = qu_1)rx4x —
qt—2)K+k- As pr and p;_; follow the same uniform distribution on [0, p], the random variable
Yy = follows a triangular distribution on [—p, p], centered on 0. We observe the same for

Yy, k > 1, that follow the triangular distribution on [—g, ], centered on 0.

The rule to determine the maximum wrt z is very simple: if the realization of Y; is
negative, then we select z; = 0, otherwise we select z; = D. This is because the operator
[.]+ nullify any negative total before we take the absolute value. Thus, we define the random
variable X; = Y;z;. If Y; <0, then z; = 0, hence X; = 0. Otherwise, z; = D, then X; = y; D,
hence X; € |0,rD], where 7 = p,q. Therefore, P[X; = 0] = 1/2 and Xj,p) follows a

triangular distribution with mode 0.

EDXG] = (1/2)0 + (1/2E[X; o, 0] = 5 (7.31)

Thus, E[Xo] = pD/6 and Vk > 1,E[X}] = ¢D/6. Hence:

E[U{] = E[Xo+ Y _ Xx] = (»D/6 + > _qD/6)
k>1 k>1 (7.32)

= D(p+ Kq)/6
With the weak law of large numbers, we finish the proof:

1 T
Uy _Ug+.-+U5 (7.33)
T T
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converges to the expected value of Ug: Ugy/T — D(p+ Kq)/6 as T — oo. Thus, for
sufficiently large T', we get:
Uy =TD(p+ Kq)/6.

Now we prove the second part of the lemma which concerns the slice orchestration case,
ie. Uge =T(X", Di)(p+ Kq)/6. We denote z = [28,...,20% 21, ..., 27, .. 2he o 27
The proof follows the exact same steps: we select zl] = 0 or Dj, based on the rule to

determine the maximum. This leads to:
E[USY] = (D1 + ...+ Dp)(p + Kq) /6 (7.34)

and finally to UY = T(D1 + ...+ Dy,)(p + Kq)/6.
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