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AbstractIn this paper we propose and evaluate an auction- crucial economic properties, in particular truthfulnesgplayers’
based resource allocation mechanism in a cloud-based radio dominant strategy is to reveal/bid their true valuations) and
access network (C-RAN), where the spectrum is managed by ;o computationally efficient. Finally, we perform an extensive

several mobile virtual network operators (MVNOs) and the cal lvsis. impl . d hi
physical resource is owned by the C-RAN operator. Technically, tumerical analysis, implementing our proposed approach in

our approach consists of two coupled auctions in a hierarchical several, typical mobile network scenarios, measuring the utility
way: the lower-level auction between end users and the virtual (payoff) obtained by all players’ involved in the resource allo-
operators and the higher-level one between MVNOs and the C- cation process. We show in this way the effectiveness of our

RAN operator. The proposed auction-based approach satisPes  h.me in terms of efficient resource allocation, considering
fundamental economic properties such as truthfulness. We also

numerically analyze the auction results in several typical net-

both homogeneous and heterogeneous user demands.

work settings, considering both homogeneous and heterogeneous Recently, auction theory has been extensively applied in

resource demands.
Index termsNResource Allocation, C-RAN, MVNO, Auc-
tion.

I. INTRODUCTION

Next generation (5G) mobile networks are promising 25
times the data rate provided by the current generation [1],
higher efficiency, enhanced mobility support and seamless
management of connected devices. In order to provide such
features, and more importantly, a better efficiency in resource
utilization as well as reduced CAPEX and OPEX, the cloud-
RAN (or Virtual RAN) paradigm has been recently proposed.
Indeed, C-RAN shares with cloud computing functionalities
like centralizationto facilitate resource management and Vvirtu-
alization to reduce physical resources’ costs and maintenance
[2]. In this paper, we focus on resource management by
proposing an auction-based resource allocation mechanism
in a cloud-based radio access network (C-RAN), where the
spectrum is managed by several virtual mobile operators
(MVNOs) and the physical resource is owned by the C-RAN
operator.

Our approach consists of two coupled auctions in a hi-
erarchical way: the lower-level auction between end users
and the virtual operators, and the higher-level one between
MVNOs and the C-RAN operator. Our motivation of using
auction-based resource allocation is both economical and tech-
nical. Economically, auctions are well-adapted in markets to
maximize the revenue of sellers (or auctioneers). Technically,
auctions can increase the efficiency of the resource utilization.
We demonstrate that our designed auction mechanism satisfies
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resource allocation in computing and communication systems
to increase the system efficiency, but few consider the case of
two hierarchical, coupled auctions as in our setting. The work
in [3] describes and proposes different auction approaches that
can be applied to radio resource allocation (like spectrum and
power allocation). The authors in [4] introduce an auction
design between a MVNO and the radio service provider that
aims to maximize the social welfare for an efficient and fair
allocation. The work also suggests a greedy algorithm to
reduce the time complexity of the proposed solution. In [5],
a 2-level hierarchical combinatorial auction is proposed for
5G networks between the infrastructure provider, MVNO and
user equipments (UEs); two models are stated: a single seller-
multiple buyer model and a multiple buyers-multiple sellers
model. A backward induction method is proposed to solve
the winner and price determination problems. In [6] and [7],
the Myerson concept of virtual valuation is used to design a
truthful auction for spectrum allocation.

This paper is organized as follows. Section II presents the
system model, as well as the assumptions we considered in our
work. Then, in Section III we formulate our proposed auction-
based architecture, and we prove in the following sections
key properties ensured by our scheme. Numerical results are
illustrated and discussed in Section VI. Finally, Section VII
concludes the paper and discusses future research issues.

II. SYSTEM MODEL AND TWO-LEVEL AUCTION

In this section, we first present the system model we
consider in our work; then we formulate the two coupled
auctions we designed to efficiently allocate network resources
in such scenario.

More specifically, we consider a C-RAN where the physical
spectrum resource is owned by the C-RAN operator who sells
the spectrum to m virtual mobile operators (MVNOs, indexed
from 1 to m), where MV NO; serves N subscribed users,



Fig. 1: System model with different cells, owned by a sin-
gle physical operator, m mobile virtual network operators
(MVNO:s) and several end users (UEs)

as shown in Figure 1. There are @) resource blocks owned by
the C-RAN operator, which are shared among the MVNOs. In
our work, we consider the most competitive case where any
resource block cannot be used by two users simultaneously.

A. The two-level auction

We develop a two-level auction-based resource allocation
scheme, as shown in Figure 2: the higher-level auction runs
between the C-RAN operator and the MVNOs; the lower-level
auction between each MVNO and the end users it serves.
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Fig. 2: Hierarchical auction game

More specifically, the agents of the auction are:

« The C-RAN operator: Also referred to as Cloud it is
the auctioneer at the higher-level auction that initiates the
auction over () resource blocks.

e MVNOs: Each MVNO; (1! j ! m) has two roles:
a bidder in the higher-level auction and an auctioneer in
the lower-level auction.

o End users: End users are bidders in the lower-level
auction. They bid for the resource blocks to satisfy their
service need. Specifically, the users served by MV NO;
participate to the lower-level auction of this same MVNO.

The commodities of the auctions are the resource blocks. The
bids are signals that inform the auctioneer about the bidder

demands in terms of resource blocks and the offered price
they are willing to pay in order to purchase the commodities.

More in detail, our auction proceeds as below with the
notations reported in Table I:

TABLE I: Basic notation used in the 2 coupled auctions

[Term [[ Interpretation
MV NO ; j-th MVNO from a total of m participating in
] auction 1
UE:: MV NO j i-th user, from a total of N users, partic-
b ipating in auction |

B =(S) MV N.Oj ’s bid, Where Sj = Pj is the weight and
! ) the price to be paid

b = (di ,wij) UE;; ’s bid vector, where djj is the demand and
L 2w the corresponding offered price

Rj Number of resources allocated to MV NO ;

Uj & ujj MV NO ;| & UE;; utility functions

Xi & pi Winners and price vectors of MV NO j °s end users.
! ! Xj = Xij,-XNj 5 Pj = P1j, PN

1) In the first step, each user associated to MV NOj,
denoted as U Ej; , submits a bid vector bjj = (d;j ,wij )
to MV NO;, where:

o dij is an integer indicating the number of resource
blocks required by UEjj .

o wjj is the price that user UFE; is willing to pay to
purchase djj . wjj is always less than or equal to vj; ,
the true valuation of UEj; for receiving dij . vij is a
private information, only known by the user itself.

We define bj = "byj,...bnj # MV NO;j users bids set.

2) In the second step, each MV NO; submits a bid vec-
tor S; based on the bids received in the lower-level
auction, i.e., bj. We define the m-dimension bid vector
S="51,..5m#

Based on S, the C-RAN operator allocates to MV NO;

R; resource blocks and charges him F = Sj. We denote

by R ="R;,...Rn#the allocation set to the m MVNOs
participating in Auction;.

3) In the third step, each MV NO; according to R; deter-
mines the winner vector x; = "y ,.7ij ..xN,j # where

1 if UE;; wins the auction
Tij =
0 otherwise

The allocation vector a; is defined as

UEij :bij = (dij ,wij ) — aij = (dij ,pij )
where
(di'j » Dijj ) if UEiyj wins the auction
Gjj =

(0,0) otherwise

The utility functions of the players in the auction are calculated
as follows:

e UEj ’s utility:

uij =vij $ pij (1)



e MV NO;’s utility:

N
Ui=> pj$H @)
i=1

« the C-RAN operator’s revenue:

m
Rc _pran = ZPJ . 3)
j=1
III. RESOURCE ALLOCATION, WINNER AND PRICE
DETERMINATION

We now illustrate how resources are allocated in both
auctions, as well as the winners’ determination and the corre-
sponding price each player has to pay.

A. Higher-level auction
In the higher-level auction, the C-RAN operator allocates
R; resource blocks to MV NQO; as follows
2ty S+ S
where Sy is a reserved bidcket by the cloud to avoid low bids.
The utility of MV NO; is

R @)

N
U :Zpi,j $5. ®)
i—1

Each MV NO;j needs to calculate the optimal \S;" in order
to maximize his profit Uj.

B. Lower-level auction

In the lower-level auction, we first derive the optimal
strategy for each MVNO. Due to its complexity, we further
propose a greedy strategy.

1) Optimal solution:In auction;, we adopt the sealed bid
VCG auction where the user either wins all he asked for
or nothing, and then pays the harm it causes to the other

players [8]. We denote by p\C the VCG price that UFE;j

ij
pays:

VCG __
by =

N N

ax Y puj Tkj $ max » pyj o (6)
e g j Tk b g j Tk

where b; denotes the set of all MV NO;’s users bid vectors,
while b_;; indicates the set of all MV NO;’s users bid
vectors except for UEj; ’s bid: b = (bj ,b_ij ). Knowing
his allocation part, R;, obtained from auction;, MV NO;
determines the winners by maximizing his profit:

b

N
mazx Zpi,j i, (7
i=1
Kj=|R;j |
s.t. Z Tilfj =dij xij )
i=1
N
1l 9)

where
1 if ULj; wins the auction
Tij =
0 otherwise
piC® if UE;; wins the auction
pij =
0 otherwise

We denote by ri'fj the k-th resource block MV NO; owns
and allocates to UEj; , such that 1 ! k! Kj, where we
consider Kj to be the integer part of the real number F;.

Expression (8) ensures that UFEj; wins d;j or nothing
and equation (9) ensures that the resource block k cannot be
allocated to more than one user. Using the method in [6],
termed virtual valuation and in which the true revelation of
the user valuation is the best strategy for him to maximize his
own profit, we proceed as follows.

To determine the winners, MV NO; maximizes the virtual
valuation as follows

N
max Y ¢ (wij )ay (10)
i=1
Kj=|Rj]
s.t. Z ri'fj =dj 2y (11
k=1
ok (12)
i=1
where
' 1 if UEj; wins the auction
Tii =Y 0 otherwise
and
1$ Fj (wij )
dij (wij ) =wij $ ———= (13)
M N fij (wij)
here
v OF ()
i == (1

According to the conventional Bayesian approach, we consider
that the valuation v;j of the buyers is drawn from a distribu-
tion Fj; known to the seller but not to the other bidders.
We assume Fjj to be monotone increasing and 1iiij:i,j to
be monotone non decreasing, therefore the virtual valuation
becomes monotone non decreasing [6].

We can define the virtual price pi/’]- as follows:

N N
Py = gﬁquﬁk,j (wij )k $ I%?XZ Prj (Wi )T,
k #i k #i
15)
ii and the final price pj;

The final allocation zjj is set to z;;

. —1 ’
is set to ¢;; (pij )-

It is interesting to note that the expected revenue Pe of any
truthful mechanism under the Bayesian setting is equal to its



expected virtual surplus, ) ; j¢(wij ). Hence, the expected
revenue Pe of Equation (2) becomes

N N
Pe = Zpi,j = Z¢i,j (wij )zij -
i=1

i=1

(16)

2) Greedy algorithm approximationTo avoid the time
complexity of the integer linear optimization in the winnerand
price determinatiorproblems, we propose hereafter a greedy
algorithm executed by each MVNO to determine the winners
and the corresponding prices to be paid. The greedy algorithm
proceeds in 2 phases as follows:

a) Winner determination

We first sort, in a decreasing order, a list L of N weights
lij , where [j; = ‘g’l'—; We start by allocating resources to the
users according to the order of the corresponding lj; value
in the sorted list L. In other words, with respect to the order,
UE;j is a winner if djj ! Rj,ie., zjj is setto 1 and R is
updated. Otherwise, zj; is set to 0.

1) We set R to Rj, the total resource blocks to be allocated

2) We compute [jj , % & [1, N] such that [j; = V(;'I'—J’

3) We sort the list L in a decreasing order according to Ij;
where [B, I] =sort List(jj ); B is the sorted list of L
and I is the index of the user ULj; in L, i.e. the first
element in the list [ is the index of UFEj; having the
highest weight [;; in L.

4) Fort =1: N we set k = I[t]

o ifdgj ! R, wesetagj =1and R=R$ dy;
e else zxj =0
b) Price determination

UEi'j will pay pij = lkyj di'j such that lkyj is the critical
weight as described in [6]; if [j; ' Ixj UEj; wins, while he
loses if ljj <lk; . According to the sub-optimal method in [1]
we find the critical price ¢y (¢) such that if bidder UE;; bids
liyj ' lkyj (Ck'j (Z)) he wins, and loses if li'j <lk’j (Ck’j (2)) At
this point, for the price computation we proceed as follows:

1) We find ¢ (i) %i & [1: N]

2) We set the virtual price pj; to I (ckj (i))di;

3) We find the corresponding pij = ¢ifjl(pi/’j ).

IV. ANALYSIS OF AUCTION PROPERTIES

It is widely known that it is desirable for auctions to meet
the following economic properties: truthfulness, rationality and
computational efficiency [4]. In this section we demonstrate
that our auction mechanism satisfies these properties.

1) Truthfulness: We need to prove that the users are better
off by reporting their true valuations. To this end, by
Lemma 1 in [4], we can prove the monotone and critical
price properties and the truthfulness is proved.

2) Computational efpciency: At the lower-level auctions,
the VCG auction with the optimal Bayesian mechanism
is proved in [6] to respect all of the economic properties
except for computational efficiency. In fact, a major
concern of the VCG auction is the exponential time
complexity due to the ILP optimization problem. We

address this limitation by proposing a greedy algorithm
that reduces the time complexity to a polynomial. At
the higher-level, the weighted proportional fair allocation
presents a linear time complexity.
Hence all the properties are satisfied in our auction algo-
rithm.

V. EQUILIBRIUM ANALYSIS

In game theory, the solution of a game is characterized by
Nash equilibria. According to [9], the set of bids of MV NO;’s
users b' = (b, b ,...b%; ) is a Nash Equilibrium if all
users” bids bi; % & [1; N] are best responseto the corre-
sponding set b_jj . Moreover bj , U Ejj ’s bid, is considered as
best responsaf UE;; , by knowing all other users’ bids, will
not change his strategy; furthermore, even if user UEj; gets
to know other users bid strategies b_j; , he will not change
his bid strategy. We have to prove that:

uij (b5 ,b-ij )" wij (bij ,b-ij ) (17)

% possible b;j . Based on that equilibrium in the auction;

game a second equilibrium should exist in auction;: there
should exist 5j such as Uj (S, 8%;) " Uj (5, 5%)).

A. Nash Equilibrium for the lower-level auction

Based on the proof of Theorem 1 in [10], we can say that
bidding the real valuation is a Nash equilibrium strategy, since
with bidding other than bi; = vjj , UEj; will not maximize
his utility, regardless of all the bids vector & bj_' S0 b = uij
is a Nash equilibrium point since it satisfies (17).

B. Nash equilibrium for the higher-level auction

In [11] the authors prove the Nash Equilibrium of the
weighted proportional fair allocation we are using in the level2
auction. Nevertheless, in our model we have two games and
proving the existence of the Nash equilibrium at this level of
the auction requires proving that there exists a 5" such as

Ui (57, 5%) " Ui (5;,5%) (18)

where S_; denotes the set of weights S excluding MV NO;
weight’s Sj. According to [12], the auction; game has an
equilibrium point if U; (S) depending on the set S of all
MYV NO’s strategies is continuous and concave in all 5; & S.
Due to the fact that the expression of Uj is not in closed form,
we will consider a numerical example, described hereafter, to
simulate and evaluate the existence and uniqueness of the Nash
equilibrium, showing that multiple Nash equilibria can indeed
exist.

1) Scenario for the Nash Equilibrium evaluatioWe con-
sider a game where all the users UE)j place bids in auction;
by revealing their true valuation independently from the N'$ 1
users bids, thus all bi; & {(bij ,b_ij )} satisfy (18). We
suppose there are 2 virtual mobile operators (MV NO; and
MV NQOy), each having N users competing in 2 auctions,
respectively, auction; 1 and auction; ». After collecting all the
bids, MV NO; and MV NO, will place their bids By = (S1)
and By = (S2) in order to obtain their part of the allocation



(R; and Rs, respectively) and consequently pay P, = S and
P, = S5. Our goal is to find the couple(s) (S5, S5) satisfying
%possible S; :

Ui(S7,55)" U1(51,S53) (19)

Ua(S7,85)" Ui(ST,52). (20)

In this perspective we simulate this scenario and evaluate
the concavity of the utility function U; and U, and by that
evaluate the existence and uniqueness of the Nash equilibrium
point. Hence, we fix the cloud capacity (), the number of users
N, and by varying S; and Ss in the interval ]0, Smax |-

VI. SIMULATION RESULTS

In this section, we simulate the two-level auction using
Matlab. Since the fundamental interest of a mobile operator
is to maximize its revenue, we first evaluate the payoff of
the MVNO and compare the performance achieved by the
Integer Linear Program (ILPhnd the greedyalgorithm. Then,
we analyze in a fine-grained way the MVNO’s payoff as a
function of its bid and versus the total number of resource
blocks with and without consideration of the virtual valuation.
Finally, we simulate the Nash equilibrium scenario described
in the previous section.

To achieve this, we consider a hierarchical model consisting
of a cloud-RAN, which is shared among 2 MVNOs, MV NO,
and MV NO,, both having N subscribed users, where N
varies in the range [20,100]. We consider the 3 following
scenarios:

1) Scenario 1: The N users are homogeneoysany given

bidder UEjj can ask for only 1 resource block such
as dij = 1,% & I and j & {1,2}. The bid is
bij = (djj ,wij ), where the price wj; , offered to purchase
dij , is generated according to a uniform distribution
in [0, 1].

2) Scenario 2:The N users are heterogeneouss0% of the
users ask for 1 resource block (djj = 1) and the other

50% ask for 2 resource blocks (dj; = 2). The price wj;
is generated as in Scenario 1.

3) Scenario 3:Users are heterogeneous; their demands dj
are generated according to a uniform distributionin [1, 5].
The price wj; is generated as in Scenario 1.

We set the cloud capacity in terms of resource blocks to
Q = 20, the bids of MV NO; and MV NO, to S; = 4
and Sy = 3, respectively, and the reserved bid Sy = 0.5.
We assume that the valuation is generated from a uniform
distribution in order to use the virtual valuation concept.

respectively, is high and then becomes low, and even null, for
large values of N. Furthermore, we observe that the results
given by the greedy algorithm are very similar to the optimal
one.

Figure 4 compares MV NO; and MV NO- payoffs by
varying MV NO;’s bid, S;. We observe that MV NO5’s
payoff decreases with Si; actually, for a given capacity @
and MV NOy’s bid, So, the allocation part Ay will decrease
when S1 increases (we recall that R} = ﬁ) This
trend is confirmed for the 3 considered scenarios. Conversely,
MV NO;’s payoff increases to attend a maximum and then
decreases with S;. We recall that the payoff function is
U, = Pe $ Py, which depends linearly on S1, since P, = Sy,
and on Pg, which in turn is function of Ry, thus S;. This
explains the form of the curves. As observed before, also in
this case, the greedy algorithm exhibits very good performance
and provides results which are very close to the optimal
solution.

Moreover, Figure 5 shows the revenue generated by
MYV NO; when varying the total number of resource blocks )
auctioned between MV NO; and MV NOs in auctiony. The
results show the reservation effect of the virtual valuation
on the revenue: without considering the virtual valuation,
the revenue decreases when () increases, while when using
the virtual valuation the revenue remains constant when @
increases. These results coincide with those already observed
in [6].

Finally, we analyze the scenario described in subsec-
tion V-B1. We observe that the equilibrium uniqueness is
not always guaranteed. A possible explanation for that is the
lack of concavity of the utility function as mentioned in [12].
This problem can be overcome by requiring that the payoff
functions of MVNOs and users satisfy concavity requirements
under specific conditions on the variable space set.

VII. CONCLUSION

In this paper we proposed and evaluated an auction-based
resource allocation mechanism in the context of cloud-RAN.
In such scenario, the spectrum is managed by several virtual
mobile operators and the physical resource is owned by the
C-RAN operator. Technically, our proposed approach consists
of two coupled auctions in a hierarchical way: the lower-level
auction between end users and the virtual operators, and the
higher-level one between MVNOs and the C-RAN operator.
We showed that our proposed auction-based approach satisfies
fundamental economic properties, including truthfulness. We
evaluated in typical network scenarios the validity of the
proposed approach, showing that we are able to allocate

To evaluate the effect of the number of subscribed usergesources efficiently, which is a key feature for next generation,

on MVNOs’ payoffs, we increase such parameter from 20 to
100. The results are shown in Figure 3. It can be observed that
the 3 scenarios present similar performance when varying N.
The payoff increases with N, attends a maximum value at
N = N¢, and beyond this value the payoff remains constant.
More specifically, the gap between the payoff value for small
and medium number of users (i.e., N = 20 and N = 30),

5G mobile networks. We plan to extend our work by enhancing
the mechanism so that the solution converges to a unique and
efficient Nash equilibrium point.
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