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Abstract—Network slicing might radically change the relations among different actors of the telecommunications ecosystem, where

new players, active in different markets, could benefit of tailored connectivity services based on different business strategies. We

argue that for fully exploiting the opportunities offered by network slicing, dynamic sharing of resources is crucial not only for

efficiency and cost savings, but also for enabling a resource negotiation that can unleash the potential of new business relations. We

develop an automated mechanism that allows tenants to take strategic decisions to optimize the management of their slices based

on their instantaneous demands and model their interaction as in marketplace. We integrate our solution, based on game theory, on

a 3GPP calibrated system level simulator, where a slice-aware scheduler enforces the tenants’ decisions at the Nash Equilibrium

(NE). We compare our proposal with a static baseline, that assigns a fixed share of resources to each slice, and show that, by

dynamically trading resources in the market, tenants achieve lower costs, and, therefore, higher profits. We provide an algorithmic

implementation that guarantees the convergence to a single NE and test the computational complexity of our algorithm to an

increasing number of slices in the system.

Index Terms—5G, resource allocation, dynamic sharing, network slicing, game theory, resource market
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1 INTRODUCTION

WITH the strengthening of wireless technologies as a
support for goods production and industrial pro-

cesses, vertical industries have expressed new connectivity
and communication needs that current wireless networks
are not able to satisfy. It is expected that the upcoming
more advanced releases of the standard 5G systems will be
able to meet the new demand coming from different sec-
tors, by offering network solutions tailored to the charac-
teristics of the related vertical segment [1]. To make this
possible, new mechanisms to open the way for a flexible
sharing of the network infrastructure among multiple enti-
ties are necessary.

Network slicing is expected to be the key technology
enabling the shift from traditional mobile communications,
relying on a one-size-fits-all architecture, to a service-oriented
network infrastructure, able to scale with a wide heteroge-
neity of vertical requirements [2]. Such technology allows
multiple end-to-end (E2E) logical networks to be indepen-
dently created, managed and deployed on top of a single
physical infrastructure [3]. It is commonly believed that net-
work slicing can potentially open novel business paradigms

by making room for new players in the telco ecosystem [2],
[4]. In addition, network slicing solutions may push in the
direction of scenarios with few network infrastructure pro-
viders (i.e., the ones owning the infrastructure and provid-
ing the network resources) and several (or even many) slice
tenants, which will manage network slices and buy resour-
ces to offer customized services to their end users [5].

On one side, the tenants are seeking dedicated and virtu-
ally isolated network solutions with full control on their Ser-
vice Level Agreements (SLAs). On the other side, to exploit
the business potential of network slicing [6], the infrastruc-
ture providers (InPs) aim to monetize at most their infra-
structure by valuing the sharing of their networks. This
conflict of interests is regulated by the trade-off between the
degree of isolation of the network slices (which may result
in dedicated physical resources) and the efficiency in the
network resource utilization [7]. Although a dynamic shar-
ing of resources exposes the tenants to the inherent risk of
sharing, it may also bring benefits in terms of lower costs,
thus more affordable performance. Indeed, dynamic shar-
ing results in lower costs if compared to the static provision-
ing of resources for ad-hoc dedicated slicing solutions [6].
Moreover, the tenants may benefit from flexibility in their
slice management, e.g., being able to scale up and down the
resources where and when they need [8]. In particular,
when applied to wireless resources, i.e., the spectrum, such
flexibility would allow to cope with short-medium term
fluctuations in their resource requirements, e.g., due to
burst of traffic, user mobility, time-varying channel, which
would be otherwise possible only through an high over-
provisioning of resources.

By combining dynamic spectrum requirements with the
need of satisfying heterogeneous and conflicting Quality of
Service (QoS), we expect tenants to exhibit (rational)
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strategic behaviors, i.e., taking selfish decisions in line with
their private business models. Indeed we consider the profit-
driven nature of slice tenants, where the optimal allocation of
resources cannot be seen as a centralized decision taken by a
unique entity. In this scenario, the diverse business interests
of the stakeholders must be modeled by considering the pres-
ence of multiple real decision makers with conflicting objec-
tives, i.e., slice tenants and their own profits, that compete on
the resources to be allocated to their slices. Specifically, we
introduce a dynamic marketplace, where the price of resour-
ces change over time and space and it is adapted according to
supply and demand in a way similar to what happens in the
energy market as well as more recently for cloud resources,
e.g., Amazon AWS [9]. In this marketplace, the tenants take
strategic decisions when purchasing resources in the market,
which derive from the trade-off between the QoS theywant to
provide to their endusers and the resulting price they arewill-
ing to pay to the infrastructure provider. Therefore, since
resource optimization is performed and driven by techno-
economic tenants’ preferences, we model the resource alloca-
tion in network slicing not as a centralized problem, rather as
a market game, that is regulated by the infrastructure pro-
vider. From an implementation point of view, this would cor-
respond to independent software agent for each tenant,
which monitors their techno-economic key performance indi-
cators and optimize online their services according to their
own private preferences.

In order to address the aforementioned issues, we gener-
alize and validate the approach introduced in [10], which
allows tenants to automatically trade real-time and in each
cell the network resources in a shared marketplace. The
proposed resource renegotiation mechanism adapts the
resource share of each tenant in the medium-shot term,
every few seconds or minutes. The decisions taken are then
enforced in each cell by a slice-aware radio scheduler which,
by enforcing SLAs on configurable time averages and not
every Transmission Time Interval (TTI), achieves further
pooling gains compared to resource partitioning [11]. Like
in many economic models, the game-theoretical formulation
of this marketplace defines the rules for the contention of
the scarce wireless resources among the tenants.

1.1 Key Contributions

The key contributions of this paper are summarized in the
following.

� We develop an automated negotiation mechanism,
where tenants can trade radio resources in the
medium-short term. Our approach can be related to
the trading in stock markets, where fully-automated
decisions are taken by properly designed software
agents to capitalize short term events.

� We propose a heuristic that allows fast convergence
to a NE also for a quite high number of players com-
peting in the market. Customized resource overload
control policies are also considered, geared towards
the stability of the system at the achieved NE.

� We map the high-level descriptors of slices into spe-
cific network domain parameters, adapting the cor-
responding slice resource demand, based on (i) the
slice high-level requirements, (ii) the load and user

conditions for the given cell and time interval. In
this paper, we focus on radio resources, given the
additional challenge of dealing with the wireless
dynamic channel conditions.

� We consider the tenants as independent decision mak-
ers. Accordingly, they do not delegate decisions to a
central controller, to whom they would need to expose
sensitive business information. The interactions among
the tenants and the infrastructure provider for the
negotiation of radio resources is modeled as in a mar-
ketplace, where the prices are automatically adjusted
according to supply and demand.

1.2 Structure of the Paper

The paper is structured as follows. In Section 2, an overview
of the state of the art is discussed. We analyze the prior
works related to resource allocation in network slicing, as
well as similar renegotiation approaches already applied in
other industry markets. We base our work on the frame-
work proposed in [10] and introduce our approach in
Section 3, along with the system model adopted in this man-
uscript. In Section 4, we define the market game and ana-
lyze the theoretical properties of our formulation, while
Section 5 describes the algorithmic implementation and
analyzes the characteristics of the achieved Nash Equilibria.
In Section 6, we test our algorithm on a 3GPP calibrated sys-
tem level simulator and validate the proposed approach
against state of the art solution based on static resource
provisioning. We summarize our conclusions in Section 7.

2 RELATED WORKS

The new challenges driven by network slicing impose novel
techniques to control the allocation of resources amongmulti-
ple tenants, which account for both efficiency in resource
management and algorithmic complexity [12]. Standardiza-
tion bodies, like 3GPP, have already defined schemes and
functional descriptions for sharing a common infrastructure
among multiple network operators. The specification in [13],
though, suggests a static partition of resources among multi-
ple operators. While such approach results in quite-low com-
plexity, it is quite known that dynamically sharing a pool of
resources provides higher multiplexing gains and resource
efficiency [14], [15], [16].

Following this direction, the management of resources in
network slicing has been considered so far mainly as a cen-
tralized problem, where a single entity (e.g., the InP or a
slice manager) defines the sharing policy to allocate the
resources to multiple slices [17], [18]. Namely, the authors
in [17] propose a priority-based scheme, that assigns to each
tenant a priority weight, which is applied by the radio
scheduler in order to allocate resources to end users. They
show that the proposed scheme achieve higher fairness and
QoS performance compared to baseline schemes. Along the
same lines, the work in [18] proposes an auction model for
resource allocation, that maximizes the infrastructure pro-
vider revenues, while guaranteeing a given priority level
for each slice, depending on the business agreement in
place. Other works, such as [5], [19], [20], focus on optimal
resource allocation policies which minimize the risk of SLA
violations, while maximizing resource efficiency and/or
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infrastructure provider revenues. Furthermore, a common
approach that is usually considered for resource allocation
in centralized system concerns the maximization of a social
optimum function, e.g. defined as the sum of utility func-
tions (or preferences) of the different tenants [21], [22].
However, all these centralized solutions do not give
enough control to the tenants, excluding them to take any
decision in the management of resources for their slices. In
other words, the interest of the single tenant is not directly
taken into account whenever its interest collides with the
others’, which may lead issues in convincing tenants to
accept the solution.

To address the strategic behavior of tenants, many works
based on game theory have been proposed in the literature.
For example, [23], [24] propose a game-theoretic formula-
tion where tenants can dynamically redistribute their fixed
share of resources among different cells. The proposed for-
mulation corresponds to a Fisher market, where players
have a fixed budget and bid for resources, subject to budget
limitation. Their formulation remains quite general, assum-
ing the case of elastic users, without specifically addressing
the diverse requirements that are expected to be served by the
different slices. The same authors of [23] extend the prior
work to the case of inelastic users, showing that, unless under
proper dimensioning of the network and suitable admission
control policies, a NE cannot be always guaranteed when
strict QoS requirementsmust be enforced [25]. However, they
still focus on a static scenario, where a fixed resource share is
pre-agreed and determined somehow by a genie. This
approach can be suitable for slicing systems run by few big
tenants, while our proposal can be applied to any multi-ten-
ants system, in which any tenant can buy resources only
when and where needed, allowing also micro-slices to enter
in this business.

All the aforementioned works do not consider the eco-
nomic impact of the decisions taken. [26], [27] model the
resource allocation for slices as a trading mechanism.
Although thework in [26]models the trading as a Stackelberg
techno-economic game, the utility functions adopted in their
formulations do not describe effective and simple economical
quantities, like profits and costs. The idea of techno-economic
models based on game theory for dynamic resource allocation
problems have been successfully adopted already in diverse
fields. For example, the approach used in Google AdWords
for online advertisement allocation in multiple-agent sys-
tems [28] implements automated bid strategies, which can be
executed by a central controller, under the specification of sen-
sitive parameters customized by the end-user [29]. Simi-
larly, [30] proposes a mechanism design to optimally manage
the energy consumption for smart grid applications in energy
market. However, those two approaches assume utility func-
tions to be known by a central controller, raising agents’ pri-
vacy issues. Indeed, some information may not be necessarily
available at the central controller: for example, the agentsmay
not be willing to expose their own preferences and business
evaluations both to a central entity or to the other agents. In
this work, we present a distributed solution, where decisions
are taken autonomously by each agent, without the need nor
risk of exposing private sensitive information to any entity
external to the tenant itself. A similar approach has been
recently proposed in [31]. In this work, the authors define a

trading mechanism for dynamic resource allocation for slices,
where the business model of the tenants consists of two inter-
faces, one toward the InP, and the other toward their end
users. Their resource tradingmechanism ismodeled as aMar-
kov Decision Process (MDP) and solved by Q-learning algo-
rithm. A distributed approach based on game theory is also
proposed in [32]. Although the authors provide an algorith-
mic implementation with low complexity for applications in
radio access networks, they do not assess the implications of
the proposed formulation on the service performance of the
slices, in particular in highly congested scenarios. In our for-
mulation,wemainly focus on overloaded network conditions,
where the renegotiation of resource shares among the slices
can give helpful indications to handle critical conditions, for
example to guide admission and overload control policies.

3 SLICING MANAGEMENT FRAMEWORK

In [10] we introduce a Slicing Management Framework
(SMF) that can be applied to any system that is in charge of
the management of network resources in multi-tenant net-
works. The SMF allows to translate the high-level policies
defined by the tenants (in the form of SLAs or slice tem-
plates [33]) to particular policies (e.g., resource require-
ments/consumption) to be enforced at different layers of
the network. It automatically modifies and adapts resource
and performance requirements to the actual needs of their
slices. The need of a dynamic renegotiation of resources
comes to accommodate the end-to-end performance of the
slices together with an efficient allocation of wireless resour-
ces. The former are defined in terms of aggregate QoS
requirements (i.e., expected throughput and latency) cover-
ing a large geographical area and lasting a variable time
duration; the latter must be computed at a different granu-
larity, i.e., at cell level and in very short-time, specifically in
each Transmission Time Interval (TTI) to guarantee effi-
ciency and multiplexing gain. Although we do not exclude
the case of reserved resource guarantees to slices in each
area, it is well-known that allocating and renegotiating
resource shares dynamically (i.e., assigning them only
when needed to satisfy the long-term performance require-
ments and user QoS targets) brings gains in terms of effi-
ciency in the resource utilization as well as cost savings [6].
Such an automated and scalable system is needed to guar-
antee a flexible and efficient management of the network for
a generic high number of slices, able to adapt itself in real-
time without the need of human operation.

We design the SMF as a decision making process, as
sketched in Fig. 1: by moving from top to bottom, not only
the type of decisions changes, but also their complexity and
effectiveness, i.e., the duration of the decisions taken and
the geographical extent of those decisions. At the top of the
hierarchy, long-term decisions are taken and those may last
a variable time (e.g., weeks, days or hours) depending on
the life-cycle of the individual slice. At this level, the tenants
define, together with the InP, the high-level descriptors of
their slices, in form of techno-economic Key Performance
Indicators (KPIs). These KPIs describe the specific slice busi-
ness model and may include, among others, macro-area/
per-cell constraints on aggregate throughput/resource utili-
zation, and/or information about the QoS requested by the
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users of the slice. By definition, the aforementioned descrip-
tors are valid in a long-time window and over the entire spa-
tial coverage area of the slice. Even though these descriptors
generalize the expected behavior of the slice, they cannot cap-
ture the dynamic evolution of the radio environment. For
instance, operators and tenants may agree on the average
resource share of a slice, given an average user distribution
for a specific area and a user target QoS. However, this does
not provide indications on the decisions to be taken in case of
bursts of traffic for some slices. For this reason, we model the
preferences of the tenants through utility functions, which
describe the behavior of slices based on their target KPIs,
reporting the degree of flexibility to adapt their requirements
to the underlying network conditions.

We identify as the Network Slicing Negotiation (NSN)
the entity responsible to convert the slice high-level descrip-
tors into physical requirements/constraints for the MAC
scheduler (e.g., resource share for each slice). The NSN
allows to accommodate the requirements of the slices
according to the actual needs of their users. Renegotiations
of resource shares among tenants take place whenever net-
work conditions change, e.g., due to handovers, change of
users behavior or position. How these are handled is
defined by techno-economic KPIs, assessing the profit of
given achieved performance. To model the contention of
resources, we consider a resource market that regulates the
negotiation of the allocations among slices. Hereafter we
assume that the tenants compete for all the available resour-
ces, however our considerations also hold in hybrid scenar-
ios, where a part of the resources is statically assigned and
the other part is contented among them.

Finally, given the outcome of the NSN in form of low-
level KPIs (e.g., slice/user average throughput/resource
allocation), radio resources are allocated at every TTI to sin-
gle users by a Slicing MAC Scheduler (SMS). Previous
works in the literature [11], [34] address the SMS problem.
Namely, they propose solutions where resources are allo-
cated to users relying on proportional fair metrics, twisted
to take into account user/slice constraints received by the
higher layers. Those constraints are satisfied by averaging
the allocations in time windows of 500� 1000 ms, which, in
turn, allows to achieve further pooling gains compared to
resource partitioning [11].

In this work, we focus on the modeling and characteriza-
tion of the NSN. In particular, the NSN must (i) process the
high-level KPIs coming from the tenants and input its deci-
sion to the SMS of each cell, (ii) adapt those decisions based

on SMS feedback, and (iii) report achieved performance
to the topmost layer, where tenants may monitor and cor-
rect their long-term policies. According to the scheme in
Fig. 1, the NSN adaptation and decision process take place
in time windows of seconds to minutes.

3.1 System Model

We consider a simple yet meaningful network slicing
setup, where a single infrastructure provider accommo-
dates a set of slices, S, each of them corresponding to a sin-
gle tenant1. We assume that slices share a common pool of
radio resources which are allocated to each slice by the
radio scheduler of each base station. We denote by xs the
amount of radio resources allocated to slice s, normalized
by the system bandwidth, i.e., xs � 0; 8s 2 S and

P
s2S xs �

1. The resources xs are then distributed and allocated to
each user of that slice by the SMS scheduler. Let Ks be the
set of active users of slice s, and xk � 0 be the amount of
resources assigned to the user k, according to some map-
ping xk ¼ fðxs;KsÞ such that

P
k2Ks xk ¼ xs. Moreover, let

K be the set of all users connected to the network, such
that a single user k 2 K belongs to a unique slice, i.e.,T

s2S Ks ¼ ; and
S

s2SKs ¼ K. This assumptions holds just
for ease of notation: indeed, the case of a user belonging to
multiple slices, e.g., requiring different traffic profiles
simultaneously, can be handled by virtually copying that
user in multiple replicas, one for each slice.

The NSN aims at finding a stable resource allocation that
satisfies all the requirements of the tenants. In order to do so,
we map the techno-economic KPIs coming form the north-
bound interface in Fig. 1 in utility functions, which reflect the
economic evaluation of a slice, i.e., the expected revenues of a
slice for the allocated resources.Wedenote byRsðxsÞ the reve-
nue function of a tenant. We assume that the revenues of ten-
ants increase with an increase in the quality of service
experienced by their users. To this purpose, we consider an
acceptance probability function, AkðrkðxkÞÞ 2 ½0; 1�, which mod-
els the level of satisfaction of a user, due to the experienced
QoS, rkðxkÞ, which in turn depends on the obtained resources,
xk. Then, the revenue can be computed as

RsðxsÞ ¼
X
k2Ks

xk �AkðrkðxkÞÞ; (1)

where xk denotes the economic value of each user for the
tenant.

Although the shape of revenue functions, i.e., user accep-
tance probability, can be privately defined and customized
by each tenant, we assume that any revenue function satis-
fies the following properties:

dRs

dxs
> 0; (2a)

lim
xs!þ1

dRs

dxs
¼ 0: (2b)

Fig. 1. Slicing management framework.

1. Note that the one-to-one correspondence between tenants and sli-
ces is made only for ease of notation and clarity. Throughout the paper,
we will refer to both interchangeably.
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Inequality (2a) implies that any increase in the resources
allocated to a slice leads to larger revenues, since more
resources generally result in better QoS and higher user sat-
isfaction. However, it is also true that the improvement in
performance will vanish when a certain QoS is already
achieved. This represents the law of diminishing return
adopted in many economic systems, captured by Eq. (2b).

As mentioned above, we are dealing with a scenario
where the shared resources are limited, namely by the total
bandwidth of each cell.

Assuming that tenants are selfish agents pursuing their
own private interests, centralized solutions based on social
welfare maximization may not necessarily favor them. We
would rather consider that tenants are willing to compete
against each other for the resources to be assigned to their
slices. Hence, we introduce the definition of a market of
resources, which regulates the interaction among the ten-
ants for the competition on radio resources.

3.2 The Market of Resources

We recall the concept of purchasing power adopted in eco-
nomics to model the market mechanism of our system. In
economics, the purchasing power defines the amount of
goods that can be bought by a unit of currency. Since in our
system the goods are defined as radio resources, and they
are scarce by nature, we assume that the purchasing power
decreases with the resource availability in the cells. We
define the relative normalized cell load as

l ¼
X
s2S

xs 2 0; 1½ �; (3)

which defines the domain of the purchasing power, i.e.,
pp : 0; 1½ � ! Rþ. We can compute the cost of a unit of
resource by the following relationship

Cðx; lÞ ¼ x

ppðlÞ ; (4)

where Cð�Þ is the cost of buying x resources for a generic
slice s, given the actual load l. Notice that since Cð0; lÞ ¼ 0,
the market has no entry barriers. At this stage, we do not
discriminate between tenants and assume the purchasing
power to be equally defined for all of them. In this way, all
the tenants are subject to the same pricing policy. How-
ever, we do not exclude the case where the infrastructure
provider may differentiate the pricing policies over differ-
ent slices.

4 PROBLEM FORMULATION AND PROPERTIES

OF THE GAME

The analysis of the proposed market model is based on
game theory, which is well suited to study the rational
behaviors of autonomous entities.

Let G ¼ S; ðXsÞs2S; ðusÞs2S
� �

be the market game in strate-
gic form, where:

� S _¼f1; 2; . . . ; Sg is the finite set of players (i.e., the
tenants/slices);

� Xs ¼ 0; 1½ � is the pure strategy space (i.e., quantity of
resources to buy) of the generic player s 2 S;

� X _¼X1 �X2 � . . .�XS is the Cartesian product of all
player strategy spaces, and x 2 X denotes a strategy
profile of the game;

� us : X! R is the payoff of player s, which is defined as:

usðxÞ ¼ usðxs; x�sÞ ¼ RsðxsÞ � Csðxs; x�sÞ: (5)

The expression in Eq. (5) highlights the dependency of
the payoff of player s on its own strategy, xs, as well as on
the other players’ strategies, x�s. One can notice that the
payoff of the players consists of i) a player specific compo-
nent, RsðxsÞ, that defines the economic value of the slice for
the purchased resources and ii) a shared component,

Csðxs; x�sÞ ¼ C xs;
X
t2S

xt

 !
¼ Cðxs; lÞ; (6)

that accounts for the cost of buying xs resources, which is
affected also by the decisions of the other players, x�s. Due
to the intrinsic economic nature of the payoff functions, in
the remainder of the paper we also refer to them as profit
functions of the tenants. Let also define the best response corre-
spondence of a player as the strategy (or strategies) that maxi-
mizes the payoff of a player given all other players’
strategies. Formally, we define BRs : X�s ! Xs such that:

BRsðx�sÞ ¼ arg max
xs2Xs

usðxs; x�sÞ; x�s 2 X�s; s 2 S: (7)

We now elaborate some relevant properties characteriz-
ing the market game G.

4.1 Analysis of the Game

Since our game belongs to the class of aggregative games2,
we can derive the existence and convergence properties of
the game G from the fundamental result in [35]. In order to
prove the existence of a NE for the proposed market game,
we consider the following two assumptions about the com-
ponents of the payoff function of the players.

Assumption 1. The cost function Cðx; lÞ is convex, continuous
and twice differentiable in x and l.

The convexity assumption models the behavior for
increasing load in the system, where we expect that the cost
for unit of resources increases accordingly.

Assumption 2. The tenant revenue function RsðxsÞ is continu-
ous, increasing and twice differentiable in the strategy spaceXs.

Based on these assumptions, we first analyze some prop-
erties of the best response correspondences.

Lemma 1. Given utility functions usð�Þ satisfying Assumption 1
and Assumption 2, the best response correspondences of the
game G always admit a single-valued decreasing selection.

Proof. Consider the generic best response of a player s,
BRsðx�sÞ ¼ BRsð

P
t2Snfsg xtÞ. We consider the selection f

as the largest element in a set, i.e.

2. An aggregative game is a game in which every player’s payoff is a
function of the player’s own strategy, xs in game G, and the aggregate
of all players’ strategies, defined as l in game G.
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f BRs

X
t2Snfsg

xt

0
@

1
A

0
@

1
A ¼ sup BRs

X
t2Snfsg

xt

0
@

1
A

8<
:

9=
;:

This selection is not empty, single-valued and decreas-
ing. From the definition of best response in Eq. (7), given
the continuity of the utility functions usð�Þ in the compact
set Xs, we can claim that the function always admits a
maximum value, and, therefore, the best response corre-
spondence is not empty. Moreover, the sup �f g operator
returns a single value, hence f is single-valued. Finally,
we can prove that f is decreasing by showing that

@

@xs@xt
usðxs; x�sÞ½ � < 0 8s; t 2 S ; s 6¼ t:

The derivation is left to the reader. The reasoning behind
it is that when any of the opponents’ action increases, an
increase in the own action leads to a smaller utility.
Therefore, the best response to an increase in the
opponents’ action is always a decrease in the own action,
proving that the best response of each players is decreas-
ing in the variable

P
t2Snfsg xt. tu

The key message of Lemma 1 is that the best response of
a player decreases to any increase in the aggregate of his
opponents’ strategies. We can now state the following :

Theorem 1. For any utility function usð�Þ verifying Assump-
tion 1 and Assumption 2, the game G always admits a (not nec-
essarily unique) NE in pure strategies.

Proof. We leverage the result in [35, Corollary 1] to prove
the existence of a pure strategy NE. In order to apply [35,
Corollary 1], we need to prove that the following condi-
tions apply to the market game G:

(i) The strategy sets are compact,
(ii) The payoff functions are upper semi-continuous

and continuous in the opponents’ strategies,
(iii) The best response correspondences admit a

decreasing selection,
(iv) The continuous aggregative functions fsðxs;

ssðx�sÞÞ ¼ xs þ
P

t2Snfsg xt; 8s 2 S, exhibit strictly
increasing differences in xs and x�s (possibly after
a strictly monotonic transformation).

The conditions (i), (ii) are verified by the definition of the
strategy space X and Assumption 1 and Assumption 2,
since upper semi-continuity of condition (ii) is guaranteed
by the continuity of the functions RsðxsÞ and Csðxs; x�sÞ.
Condition (iii) holds by Lemma 1. In order to prove condi-
tion (iv), we can use amonotonic transformation h 	 fs, e.g.,
hðzÞ ¼ expðzÞ as done in [35, Example 3] and verifying that

@
@xs@xt

hðfsðxs; xtÞÞ½ � > 0, which implies the strictly increas-
ing differences property. Thus, we can apply [35, Corol-
lary 1] and prove the existence of aNE of the gameG. tu

5 ALGORITHMIC APPROACH AND NASH EQUILIBRIA

ANALYSIS

To analyze the quality and quantity of the equilibria of the
proposed market game, we now introduce specific revenue
and cost functions, that will be used for the remainder of

the paper. As done in [36], we define the per-user accep-
tance probability function introduced in Section 3 as:

AkðrkðxkÞÞ ¼ 1� q

rkðxkÞ
r0s

� �ms

s ; 8k 2 Ks; 8s 2 S; (8)

where:

� ms captures the slice elasticity to QoS degradation,
i.e., the higher ms, the more inelastic the service is to
performance degradation,

� rkðxkÞ is the achievable QoS of a user,
� r0s is the maximal QoS value that characterizes the

service offered by the specific slice,
� qs is a parameter tuning the acceptance function

value, i.e., AkðrkðxkÞ ¼ r0sÞ ¼ 1� qs.
The per-slice tuple of elements (ms, r

0
s , qs) represents the

techno KPIs of the slice, i.e., the parameters that best
describe the expected performance and behavior for the
slice. Finally, we can compute the revenue function in
Eq. (1), by weighting the acceptance values with the per-
user economic parameter, xk.

In Section 3, we have defined the cost function through
an inverse proportional relationship with the purchasing
power, Cðx; lÞ / 1

ppðlÞ . In this work, we model the purchasing
power as:

ppðlÞ ¼ 1� 1

1þ e�a l�l0ð Þ ; (9)

that is a sigmoid, approaching to zero when the load l
exceeds the available spectrum. The parameters a and l0
characterize the steepness and the midpoint of the sigmoid,
therefore shaping the overall sigmoidal function.

In the following, we still consider a generic setting of the
slices for the only purpose of analyzing the properties of the
equilibria and the convergence of the algorithm.

5.1 Convergence of the Best Response Dynamics

In algorithmic game theory, one of the most common tool to
study the convergence to a NE is the application of the Best
Response Dynamics (BRD) algorithm. BRD is an algorithm
where each player, one at a time and in turn, updates his
optimal strategy after observing the decisions of the other
players, which, for the market game G, all converge to a sin-
gle value, i.e., the aggregate load. The convergence to a NE
is achieved when no player further moves from his previous
selected strategy. In this sense, BRD is a sequential improve-
ment path based algorithm, i.e., at each turn players move to
a strictly preferred strategy, if it exists, or stay with the pre-
vious strategy if it does not. We implement the BRD algo-
rithm for the game G by sampling the strategy space of the
players, Xs, with sample rate Dx > 0. This choice comes
from the discrete nature of wireless resources at scheduler
level, where resources are grouped in Resource Blocks
(RBs) and assigned to end users accordingly. Notice that the
general properties of the game, described in Section 4, are
not affected by the redefinition of the strategy space in a
finite set. Moreover, we can prove that, for the finite version
of the game G, it is always possible to converge to a pure
strategy NE in a finite number of steps.
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Theorem 2. Consider the finite version of the market game
~G ¼ S; ð ~XsÞs2S ; ðusÞs2S

� �
, with finite strategy space ~Xs.

Under Assumption 1 and Assumption 2, the BRD algorithm
always converges to a set of pure strategy Nash Equilibria of
the game ~G, regardless of the initial condition.

Proof. Similarly as done for Theorem 1, we can apply the
result of [37] to prove the convergence of BRD. Indeed, con-
sidering the same conditions already verified in Theorem 1,
we can apply [37, Theorem 3], for which any admissible
sequential improvement path converges to a set of pure
strategies Nash Equilibria. Being the BRD algorithm
based on sequential improvement path, the thesis is easily
proved3. tu

5.2 Equilibria Characterization

We apply the BRD algorithm to analyze the Nash equilibria
of the market game defined in Section 4, given the utility
functions described above. Since the outcome of BRD is usu-
ally affected by the initialization strategies as well as the
orders in which players play their best response, we con-
sider different fixed playing orders for the execution of
BRD, assuming all the permutations of orders obtainable
from the set of three slices, S ¼ fS1; S2; S3g. We label the dif-
ferent orders as A = [S1; S2; S3], B = [S1; S3; S2] . . . ,
F = [S3; S2; S1]. We assume that BRD starts from a zero allo-
cation for all the players, i.e., xðn¼0Þs ¼ 0; 8s 2 S. We con-
sider 200 simulation drops, with random user displacement
throughout the coverage area of 21 cells. The resource rene-
gotiation is performed on each cell for all the simulation
drops and the results are presented as the resource alloca-
tions (i.e., percentage of resource share) obtained by each
slice at the NE. In Fig. 2 we show the Cumulative Distribu-
tion Function (CDF) of the resource shares of the slices at
the NE (collected from all the different simulation drops
and cells), when BRD is executed following the aforemen-
tioned playing orders. Results show that the order of execu-
tion plays a fundamental role determining the strategy at
the equilibrium, proving that the game G admits, in general,
multiple equilibria4. For completeness, we have also

considered the case in which both the playing order and ini-
tial strategies are random (rather than using a fixed initial
strategy set to zero). Simulation results have shown that,
depending on the random initial strategy and on the ran-
dom playing order, we may end up in different sets of Nash
equilibria, obtaining similar results to the ones we have dis-
cussed in Fig. 2. This confirms that both the playing order
and the strategy initialization may lead, when random, to
arbitrary equilibrium selection, with non predictable prop-
erties. Hereafter, we assume that the playing order of the
game cannot be controlled nor fixed by a system designer
and any implementation scheme in a real system should be
independent from it. In contrast, we believe that it is reason-
able to assume that tenants start playing their game by a
zero allocation. Therefore, we introduce an alternative algo-
rithm to ensure convergence to a single NE, independently
from the orders in which the players update their strategies,
while assuming an initial zero allocation.

Algorithm 1. Double Step Smoothed Best Response

1: procedure DSSBR S; X
2: initialize xð0Þ

3: n ¼ 0
4: while ðstop bucket ¼ 0 or n � nmaxÞ do
5: update (10)
6: for s 2 S do
7: uðnÞs  usðxðnÞs ; xðnÞ�s Þ
8: x̂s  argmaxxsusðxs; x

ðnÞ
�s Þ

9: x xðnÞ þ gn x̂� xðnÞ
� �

10: if x ¼ xðnÞ then
11: stop bucket ¼ 1
12: else
13: n nþ 1
14: xðnÞ  x update the allocation
15: Apply BRD with xð0Þ ¼ x

5.3 Double Step Smoothed Best Response
Algorithm

We propose a Double Step Smoothed Best Response (DSSBR)
algorithm to force the convergence to a single NE. Differently
from the classic BRD algorithm, at the first stages the players
move all together by playing simultaneously their best
response strategies. In this way, the players react to the same
external conditions, i.e., the same previous total load, l ¼P

s2S xs. The first steps of the algorithm proceed in the follow-
ing way. Given an initial position, x 0ð Þ, and a desired optimal
position (the player best responses), x̂, the actual movement
of the player is smoothed by a factor g. In other words, ifDreq

x ¼
x̂� x 0ð Þ defines the requested player movements from their
previous positions, the actualmovement of the players will be
smoothed as Dact

x ¼ g � x̂� x 0ð Þ� �
. Therefore, the players at

time n ¼ 1 will move in x 1ð Þ ¼ x 0ð Þ þ Dact
x . The value of g is

updated at each iteration step of the algorithm (i.e., at each
step n), according to the following rule:

g½n� ¼ g0 �
log ðnþ 1Þ
ðnþ 1Þb ; g0 > 0;b < 1; n 2 N; (10)

The idea behind Eq. (10) is to control the movements of the
players during the first execution phases of the algorithm.

Fig. 2. Distribution of per-slice resource share at NE with BRD.

3. The main result we obtain in [37] is that the game G can be classi-
fied as a best-reply potential game [38], for which it is always guaranteed
the convergence of BRD in a finite number of steps. For further details
about the convergence of improvement dynamics in finite games the
reader can refer to [37].

4. Indeed, only by assuming concavity of the payoff functions one
can guarantee the uniqueness of the equilibrium for aggregative
games [39].
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Indeed, we may expect that, at the first steps of the algo-
rithm, the players will move further from their initial alloca-
tion (e.g., n assuming they start from a zero allocation),
causing a big increase in the overall load of the cell, l. There-
fore, at the first steps of the algorithm, we let the players
play their strategy and smoothly move towards their
desired outcome, in order to avoid big jumps. However,
due to the non-concavity of the payoff functions, we cannot
guarantee the convergence to a NE when players play
simultaneously [40]. Therefore, after a transient phase (i.e.,
maximum number of iterations, nmax, or convergence of
the first stage), we remove the smoothing factor and apply
the classic BRD, where each player in turns best responds
to the opponents’ strategies. The full description of the
algorithm can be found in Algorithm 1.

By applying this double step approach, we can still guaran-
tee the convergence to a NE, given the convergence criterion
of Theorem 2. We set the parameters of DSSBR in the update
rule of Eq. (10) equal to b ¼ 0:5; g0 ¼ 0:5. In Fig. 3, we show
the distribution of the allocations at the NE achieved by
DSSBR, considering (for the second phase of DSSBR) the same
simulation scenarios and execution orders already adopted
for BRD. It shows that DSSBR always converges to the same
equilibrium, making the equilibrium selection of the game
independent of the order in which players execute their best
responses. This is a fundamental result to leverage a fair com-
petition in the market, where no player can experience any
advantage due to the order in which the best responses are

executed or due to the random initialization of the strategy. In
Fig. 4,we also analyze the properties of the equilibria obtained
byDSSBR andBRD.Wedefine twometrics to compare theNE
allocations, based on the payoff of the players: (i) the Social
Welfare, SWðxÞ ¼Ps2S usðxÞ, that measures the total welfare
of the system, and (ii) the Nash Social Welfare [41], NSW ðxÞ ¼Q

s2S usðxÞ
� � 1

jSj, that measures the social fairness among
the players.

In Fig. 4a, we show the average social welfare that is
achieved by the two algorithms, when averaging the social
welfare values obtained at the NE over 200 randomly simu-
lated scenarios. Since DSSBR always converges to the same
equilibrium, the purple bars show the same value of SW for
any playing order. Differently, the green bars show differ-
ent values, based on the playing order, due to the different
set of NE that are found by BRD. In Fig. 4b, we pick, for
each random instance, the best and worst NE in terms of
social welfare SW among the ones found with BRD for the 6
different playing orders and compare it with the single one
obtained with DSSBR. We apply the same procedure in
Fig. 4c to evaluate the Nash social welfare, NSW . By com-
paring the distributions in Fig. 4b, we see that the equilibria
achieved by DSSBR are closer to the “best NE”, i.e., the equi-
libria maximizing the social welfare of the system, rather
than the “worst NE”, i.e., the ones minimizing the social
welfare. Furthermore, in Fig. 4c, one can see that DSSBR
provides also a good trade-off in terms of fairness among
the players. Indeed, some of the equilibria achieved by BRD
can result in highly unfair allocations (“least-fair NE”),
where one of the player achieves zero or quasi-zero payoff,
whereas DSSBR avoids such situations. Therefore, DSSBR
can perform close to the maximum social welfare equilibria,
while preserving fairness among the players.

Notice that we do not make any general claim about the
optimality of the equilibria at this stage. Indeed, we are just
providing a comparison among a subset of the possible
equilibria achieved by BRD and the unique ones found with
DSSBR. In the next section, we provide a more detailed
analysis on the optimality of the NE achieved by DSSBR
and compare the solutions at the NE with the optimal solu-
tion that would be computed by a central controller.

Fig. 3. Distribution of per-slice resource share at NE with DSSBR

Fig. 4. Properties of the equilibria.
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5.4 Analysis on the Quality of the Equilibria

In this section, we compare the Nash equilibria of the mar-
ket game G with the optimal solution that can be computed
by solving a centralized optimization problem. We consider
as objective function of the optimization problem the fol-
lowing social welfare function

WelfðxÞ ¼
X
s2S

log ðusðxÞÞ; (11)

where the sum of the log of the utility functions has the pur-
pose to measure the fairness of the resource allocation, simi-
larly to what is done for the well known proportional fair
scheduling [42]. We claim that this reflects the objective of
the InP, which is interested in providing a fair service to all
the tenants and avoid situations where only some of them
gets most of the resources.

Hence, we analyze the Price of Anarchy (PoA) and the
Price of Stability (PoS) of the game [43] by computing the
ratio between the optimal value which maximizes the objec-
tive function in Eq. (11) and the values at the best/worst NE
(i.e., the NE that maximizes/minimizes the social welfare
function, respectively). Note that, differently from the
results of the previous section, the “best NE” (to compute
the PoS) and the “worst NE” (to compute the PoA), as well
as the optimal solution of Eq. (11), are found by solving the
corresponding optimization problems as Mixed Integer Lin-
ear Programming (MILP) problems with the Gurobi
solver [44]5. To evaluate the quality of the NE obtained with
the proposed DSSBR, we introduce a novel metric, referred
to as Price of DSSBR (PoD), defined as

PoD ¼ maxx2XWelfðxÞ
WelfðxDSSBRÞ ; (12)

where we denote by xDSSBR the solution at the NE achieved
by DSSBR.

In Fig. 5, we compare the quality of the NE with respect
to the social optimum by collecting the results over 1000
random instances, with random slice settings to analyze
the quality of the equilibria under different slicing setups
and network load conditions. In Fig. 5a, we show the

values of PoA, PoS and PoD of the game. By comparing
the values of PoS and PoD, we see that the NE achieved by
DSSBR performs very close to the “best NE”, therefore
resulting in the most fair equilibria of the game for almost
all the simulated instances. This result shows the benefits
of the proposed algorithm, whose implementation favours
the fairness among the players in the marketplace. More-
over, if we look at the distribution of the total load of the
system in Fig. 5b, we see that the solutions at both the
“best NE” and the one from DSSBR result in a higher
resource utilization with respect to the social optimum
solution. Hence, by triggering the competition in the mar-
ketplace, the InP can increase the utilization of network
resources and, therefore, also its own profits.

6 NUMERICAL RESULTS

In this section, our simulation setup consists of three different
slices, S ¼ {critical Internet of Things (cIoT), ehnancedMobile
BroadBand Premium (eMBB Pr.), enhanced Mobile Broad-
Band Basic (eMBB Bs.)}, which span different service charac-
teristics and user behaviors, i.e., ranging from critical
applications with low-rate requirements but high QoS guar-
antees (cIoT) to elastic traffic with medium-high rate require-
ments but adaptive QoS (eMBB slices), that we model by
means of different values of the tuple (ms, r

0
s , qs). In our experi-

ments, the users of each slice are uniformly distributed
throughout the coverage area of 21 cells, and their random
position determines the diverse traffic demand on each cell.
In this work, we consider full buffer users. We further con-
sider,without loss of generality, that all the userswithin a slice
have the same QoS requirements, which are defined in terms
of throughput, r0s , and the same economic value, i.e., xk ¼
xs; 8k 2 Ks. In Table 1, we summarize the list of parameters
that describe the slice settings. The experiments are per-
formed bymeans of a downlink system level simulator which
is 3GPP-calibrated [45] and abstracts the physical-layer effects
through a link-to-system level interface. The interface applies
an equivalent Signal-to-Interference-and-Noise Ratio (SINR),
computed given the cell topology, the active user transmis-
sions, and a vertically polarized antenna configuration. The
radio environment and other relevant simulation parameters
are taken from [11] and listed in Table 2. We assume that the
strategy step size of each slice is equal to a minimum alloca-
tion of Dx ¼ 15 kHz, that is the subcarrier spacing. We run
our experiments over 50 randomly deployed instances and
collect the results by aggregating and averaging them from all
the simulated scenarios.

At each execution of the algorithm, we collect informa-
tion from the MAC scheduler, namely the spectral efficiency
for each user, hk, 8k 2 K. We take advantage of the

Fig. 5. Quality of the nash equilibria of the game with respect to the
social optimum solution.

TABLE 1
Slice Parameters Setting

Tenant cIoT eMBB Pr. eMBB Bs.

ms 8 4 2
jKsj 280 63 105
r0s 0.5 Mbps 4 Mbps 2 Mbps
qs 0.001 0.001 0.001
xs 3 8 3

5. Note that this approach is not practical in real systems due to the
complexity of the optimization problems involved. It is therefore only
used in this section for the specific analysis on the quality of the
equilibria.
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knowledge of the spectral efficiency to estimate the achiev-
able throughput of a user, according to the relationship
rkðxkÞ ¼ xk � hk. We consider also the case in which per-user
information is not available from the MAC scheduler. In
this case, we rely on an average per-slice information, i.e.,
we assume to have access to the average spectral efficiency
of users belonging to each slice, hk ¼ �hs; 8k 2 Ks. Accord-
ingly, the per-user achievable rate can be rewritten as
rkðxkÞ ¼ xk � �hs. We estimate that each user, in average, will
get a proportional share of the slice resources from the SMS
scheduler, i.e., xk ’ xs

jKsj ; 8k 2 Ks
6. However, given that

users do not experience improvement in their QoS when
the reference throughput value, r0s , is already achieved, we
limit the estimated resource share of a user to xk � r0s

hk
, and

redistribute the unused resources to the remaining users.
Then, we can estimate the per-user acceptance values,
AkðrkðxkÞÞ. Notice that, with the per-user spectral efficiency
we can estimate the achievable rate of each user more accu-
rately than when using the per-slice average spectral effi-
ciency, which may not necessarily reflect each user
performance. For each cell, the NSN solves the game
described in the previous sections, and forwards the
achieved NE as new resource constraint to be enforced at
the SMS scheduler. At each simulation instance, we periodi-
cally collect the information coming from the MAC sched-
uler of each cell every 6 seconds, after which we apply the
DSSBR algorithm described in Section 5. Note that, in a real-
istic scenario, the algorithm could be performed only when
a renegotiation is actually needed, e.g., triggered by pre-
defined thresholds from the radio scheduler. At the end of
the simulations, the achieved performances are collected,
both in terms of actual per-user acceptance values and over-
all profits for the slices.

In what follows, we first characterize the features of our
approach. We analyze the impact on the performance of the
spectral efficiency information collected from the MAC
scheduler and combine our solution with overload control
policy to handle critical congested scenarios. Then, we com-
pare the performance obtained by the NSN with a baseline
solution, which assigns a static resource share for each slice.

6.1 Users and Slice Performance Evaluation

In this section, we analyze the performance of the system
under the two use cases that we have mentioned before, i.e.,
considering i) per-user spectral efficiency, when we can

estimate the spectral efficiency of each users, hk; 8k 2 K and
ii) per-slice average spectral efficiency over each cell, i.e.,
when only the average spectral efficiency of users within
one slice can be estimated, hk ¼ hs; 8k 2 Ks.

In Figs. 6a, 6b, we analyze the equilibria achieved by the
slices and the CDF of user acceptance values, respectively,
for the two cases, i.e., per-user hk and average �hs. We show
that, due to the specific settings of our simulation scenario,
the cIoT slice in the per-user configuration is the most
demanding in terms of resources, as shown in Fig. 6a. This
result comes from the lower flexibility of these users in QoS
degradation, given by their higher ms value. However, for
the cIoT slice, the per-slice average spectral efficiency case
results in a decreasing demand of resources, which in turn
determines a deterioration of performance for the users, as
shown in Fig. 6b. This behavior can be explained by the
quasi-step behavior of the acceptance function, that, in the
per-user case, encourages to serve also users experiencing
bad channel conditions, where more resources are needed.
On the other side, we can see an opposite behavior for the
remaining slices, which increase their resource demands.
This can be explained by recalling the aggregative property
of the game. As shown in Lemma 1, an increase/decrease in
any player strategy determines an opposite reaction by at
least one other player in the game7. This strategic behavior
is then reflected in the per-user acceptance values in Fig. 6b.
We see that the performance increases due to a slice
resource share increment, and viceversa. Hereafter, we

TABLE 2
Simulation Parameters

Fig. 6. Performance for different revenue functions.

6. This assumption holds true for proportional fair scheduling [46].
7. This property is usually referred as comparative statics in aggrega-

tive games [40].
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adopt the per-user revenue functions, which we expect to
better fit the requirements of both tenants and end users.

6.2 Per-Slice Overload Control Policy

When looking at the performance of the slices in terms of
their user acceptance values in Fig. 6b, one can notice that,
at the NE, not all the users can be served with the expected
QoS, leading to possible waste of resources that could be
better managed by the radio scheduler. This mainly hap-
pens due to the particular conditions that we reproduce in
our simulations. Indeed, in order to make appreciable the
interactions among the tenants in the market and the out-
come of the game, we force the system to work with very
high demand, with a load that approaches the resource sat-
uration. Our approach suggests then, even in case of
dynamic renegotiation of resource shares, it is still necessary
to rely on external tools that may control the incoming traf-
fic in the network. Therefore, we implement a basic radio
overload control (ROC) policy, that drops user connections
whenever a user will not be able to meet a minimum QoS
target. We define the ROC threshold in terms of minimum
acceptance value, by imposing

if AkðrkðxkÞÞ � Amin
s keep user k;

if AkðrkðxkÞÞ < Amin
s drop user k;

�

where the acceptance threshold, Amin
s , can be indepen-

dently tuned and defined for each slice. The graph in
Fig. 7 shows that, as expected, by removing from the sys-
tem users that were not able to achieve their QoS (e.g., due
to critical channel conditions), it is possible to improve the
performance of the remaining users. One can also notice
that a few percentage of users is still not able to meet his
QoS requirements. Although the difficulty of fulfilling the
QoS requirements in case of sudden degradation of chan-
nel conditions for some users, our approach is still able to
control the overall QoS of the slices. It also turns out that
the overall profits of the slices increase. In Fig. 8, we show
the impact of different ROC threshold values on the overall
performance of slices and their users. We measure the gain
in terms of difference in profits of the tested acceptance
threshold values with respect to the case when no overload
control is implemented, that corresponds to the acceptance
threshold value equal to 0. By varying from low to high
acceptance threshold values (up to the threshold
rkðxkÞ ¼ r0s), we recognize the different behavior of the

slices, according to their service type. Indeed, the most crit-
ical slices exhibit a clear gain in profits, due to the steeper
behavior of the acceptance of their users, while the eMBB
Bs. slice, that is more prone to QoS degradation, does not
show evident gains (rather the contrary) by rejecting users
from the system. In Fig. 8b, we also show the trade-off
between the improvement in performance of served users
and their probability to be served. One can notice that
increasing the acceptance threshold value the ratio of the
number of served users decreases, but the performance of
users increases. However, aggressive ROC policies with
very high threshold values can have a negative impact on
some slices, since too many users are being removed from
the system (indeed the profits in Fig. 8a may decrease).
Although the absolute values in Fig. 8 are just qualitative
and strictly depend on the incoming traffic in the network,
the general trade-off between threshold value and improve-
ment in performance still holds for any load condition. Here-
after, we consider the acceptance threshold value to be equal
toAmin

s ¼ 0:2 for each slice.

6.3 Dynamic Game Versus Static Allocations

In this section, we compare the results achieved by NSN
with a baseline approach, where the resource share for each
slice is not automatically renegotiated, but statically
assigned by manual input and kept constant in each cell at
each simulation instance. In order to compare the two
approaches, we consider the same utility functions (i.e.,
same definition of revenues and costs) and same ROC

Fig. 7. Comparing user performance at NE with Amin
s ¼ 0:2 and without

ROC policy implementation.

Fig. 8. Performance comparison with ROC implementation.
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policy discussed previously. In Fig. 9 we present the slice
performance in terms of revenues, costs and total profits
for both the dynamic renegotiation and the static allocation
approaches. We show the results of the static baseline in
solid lines when varying the static resources share of the
individual slices. Instead the dash-dotted lines represent
the outcome of the game, which is shown as constant lines
since it does not depend on the static resource share of the
slices. As discussed in the previous sections of the papers,
the utility function, i.e., the profit, of each tenant can be
decomposed into two components: i) revenue function,
RsðxsÞ, which only depends on the resources that are allo-
cated to slice s, and ii) cost function, Csðxs; lÞ, which
depends on the resources allocated to slice s and on the
total amount of resources allocated in the network l, where
l ¼Ps2S xs. In particular, in order to compute the revenue
function of a tenant, we just need to know the amount of
resources allocated to its own slice, i.e., xs, independently
of l, i.e., the resources allocated to the remaining slices x�s.
This allows us to plot the revenue functions of the players
in a single graph, as in Fig. 9a, where we see that to an
increase in the allocated resources for a slice always corre-
sponds an increase in its revenues. We also show that, due
to the law of diminishing return, the increase in revenues
is diminishing when enough resources are allocated to the
slices. Conversely, in order to evaluate the cost function
for a tenant we need to know i) the resources allocated to

that tenant, i.e., xs, and ii) the total amount of resources
allocated in the network, i.e., l, but not the individual allo-
cations of the other slices. Notice that, while in the market
game the total load l, and therefore the costs, depends on
the achieved NE, thus automatically adapted over time
and in each cell, in the static baseline we need to fix one
parameter per time, i.e., xs or l, to compute their costs.
Hereafter, we consider three different load values, i.e., l
 ¼
½0:85; 0:9; 0:95�. For a given fixed total load, the purchasing
power of the tenants is constant (and so the cost of a unit
of resource) and, therefore, the costs for a tenant increase
linearly with the amount of obtained resources (cf. Eq. (4)).
This trend is confirmed in Fig. 9b, where the curves for the
static baseline are colored in black since the cost is
uniquely defined for each slice and no pricing differentia-
tion is assumed, with different markers to represent the
different fixed load values l
. In contrast, the (average)
costs for the dynamic renegotiation are shown in dash-
dotted lines with the same color code as Fig. 9a. We inten-
tionally leave room for free resources for the static baseline
in order to reproduce similar load conditions obtained in
the proposed market game, which are shown in Fig. 9c,
where the total experienced load is greater than 0.8 for
almost 90 percent of the simulated scenarios. Notice
that the remaining resources (both in the dynamic and in
the static case) are allocated to best-effort users, which do
not take part to the renegotiation, but always get the

Fig. 9. Slice performance comparison between the dynamic market game and static allocation baseline. Different colors are used for different slices
(purple for cIoT, green for eMBB Premium and orange for eMBB Basic). Dash-dotted lines represent the results from the market game and solid lines
from the static allocations. Different markers are used for different static load combinations.
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unused resources. By combining the curves obtained in
Figs. 9a, 9b, we obtain the overall profits of the three slices,
that are shown in Figs. 9d, 9e, 9f, respectively. The solid
curves with different markers show the profits achieved by
the tenants when imposing a static resource share and
assuming a given total network load (e.g., looking at the
curve with the square markers in Fig. 8d, we could say
that the cIoT slice gets a profit of 500 when its own
resource share is 30 percent and the other two slices get
60 percent since we assume a 0.9 total load), with the same
notation as in Fig. 9b.

It is trivial that, by looking at the graphs in Figs. 9d, 9e,
9f, the profits of the tenants are higher when purchasing the
same amount of resources in less loaded scenarios, due to
the lower costs.

If we consider the performance in high congested scenar-
ios, namely l
 ¼ 0:95, we can notice that the tenants of the
cIoT and eMBB Bs. slice do not achieve higher profits than
the ones obtained with the proposed market game, which
suggests that any combination of static allocations summing
up to l
 ¼ 0:95 cannot improve our proposed solution.
However, for lower total load values, although there are
allocations that allow the tenants to individually improve
their profits, one can varify that it does not exist an admissi-
ble static allocation for which every tenant can improve his
performance with respect to the dynamic allocation strategy
implemented in the market game. For example, let us con-
sider the smallest static allocation value, for a fixed load l
 ¼
0:85, at which each slice gets higher profits than our pro-
posal, or very close ones, i.e., when the triangle markers are
above or close to the dash-dotted lines of Figs. 9d, 9e, 9f.
This corresponds approximately to the allocation [40,30,25]
percent for cIoT, eMBB Pr. and eMBB Bs. slice, respectively,
which is not an admissible configuration given that the total
load sums up to 0.95, violating the assumption of a total
load equal to 0.85.

This example generalizes well for all the other possible
combinations that one can observe in Figs. 9d, 9e, and 9f.
Indeed, the improvement in performance for one slice in
the fixed static allocation baseline can be achieved only at
the cost of degrading the performance of at least one of the
other slices. Conversely, by playing their Nash Equilibria
strategies, we show that the dynamic allocations obtained
in our market game result in higher profits for all slices.

6.4 Algorithm complexity

Finally, we test the algorithm complexity of our solution
and analyze the impact of the tenant set size on the compu-
tational complexity of the negotiation framework. We recall
that, in the implementation of DSSBR, we consider a first
step which provides a fair initialization of the strategies of
the players and a second step that implements the classic
BRD with the achieved strategy initialization. While the
complexity of the first step can be considered deterministic,
i.e., it can be controlled by the system designer since it
serves only for the purpose of providing a fair initialization,
the second step is not deterministic, since the convergence
time may vary according to the settings of the game.
From [48], we can derive the overall computational com-
plexity for BRD in aggregative games for sufficient large
number of players. In particular, the settings of our market
game G can be translated in the conditions of [48,
Theorem 1] which shows that the complexity of finding a
NE with BRD scales with the number of players as
OðNlogNÞ, for big values of N , where N ¼ jSj, i.e., the
number of players in the game. This gives us an upper
bound for the implementation of the second step of the pro-
posed DSSBR for high number of players. In Fig. 10, we
show the convergence time of DSSBR when considering an
increasing number of slices simultaneously active in the
cells and competing for the resources in the market. The
boxplot shows the median value, indicated by the horizon-
tal bar in the box, and the 25th and 75th percentile as the
extreme of the rectangular boxes, while the whiskers repre-
sent the 5th and 95th percentile, and the remaining dots the
outliers. We can see that, although the median computation
time in Fig. 10 increases exponentially (linear behavior on a
logscale plot) with the number of tenants, in the 95 percent
of the cases with 20 tenants we do not need more than 200
ms per cell to converge to the NE and we do not envision to
run this algorithm more often than every few seconds. This
result makes our approach in line with the horizon time
that we have sketched in Fig. 1, where the resource renegoti-
ation can be triggered on a time granularity in the order of
seconds to minutes. Consider that such performance can be
further improved if implementing such algorithm in an
edge cloud platform. In Table 3, we also show the average
number of iterations needed for the convergence to a NE,
for different tenant set sizes. In this case, a single iteration
refers to the number of executions of the best responses of
the players, where in the first step of DSSBR we assume that
one iteration is the simultaneous movement of all the play-
ers, while in the second step of DSSBR one iteration is the
single movement of each player. The values in Table 3
clearly show that the average number of iterations do not

Fig. 10. Time convergence of DSSBR with different tenant set size.

TABLE 3
Algorithm Performance for Different

Tenant Set Size

# Slices Average # iterations

5 32
7 39
10 55
15 152
20 214

1446 IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 21, NO. 4, APRIL 2022

Authorized licensed use limited to: Northeastern University. Downloaded on March 28,2022 at 19:06:05 UTC from IEEE Xplore.  Restrictions apply. 



increase exponentially in the number of players, but rather
confirm the theoretical expectations about the computa-
tional complexity of the game.

7 CONCLUSION

We have proposed a Slicing Management Framework, that
automatizes the interaction of tenants as in a marketplace and
assigns the available radio resources to each slice. We have
modeled the competition among the tenants through game
theory and analyzed the properties of the game.We have also
developed a heuristic approach to guarantee the convergence
to a single NE, which provides good results in terms of fair-
ness and social welfare in the tenants’ allocation.

Our results have been validated through extensive
experiments in a 3GPP-compliant system level simulator.
We have observed that the experienced performance
matches the different SLAs required by each of the three
simulated tenants and adapt to different cell loads and
users’ presence. However, for high overloaded cells we
have shown that admission and overload control have to be
properly implemented. By integrating our renegotiation
mechanism with basic overload control policies, we have
achieved an increase in the performance of the slices, espe-
cially in terms of overall profits. We have compared the pro-
posed renegotiation mechanism with a static baseline,
which assigns a pre-agreed fixed resource share on each
cell. We have shown that, for any feasible static allocation,
our dynamic approach provides performance gains for all
the slices. Finally, we have analyzed the computational
complexity of the proposed solution, considering very pop-
ulated scenarios, with up to 20 slices simultaneously bid-
ding for resources on a cell. Empirical results have shown
that the convergence time of our algorithmic implementa-
tion justifies the application of such negotiation mechanism
in a very dynamic environment, like radio access networks,
where fast adaptation of the resources must be guaranteed
in the order of seconds or minutes.
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