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Abstract—As a promising wireless network virtualization tech-
nology, virtualized base station (BS) has been proposed to
tackle the problem of low-efficient utilization of BS’s computing
resources, e.g., baseband processing units (BPU). In this paper,
we design a novel scheme to achieve the efficient BPU allocation
based on a contract-theoretic approach. To achieve this, we
consider the BPUs as a kind of trading resources. We establish
a monopoly market, where the infrastructure provider (InP)
is the monopolist owning all the BPUs, and multiple mobile
network operators (MNOs) intend to rent BPUs from the InP
for processing their baseband signals. In such a market, the
InP offers a set of quantity-price contract items to the MNOs
based on statistical information of their types, and at the same
time, the MNOs are stimulated to accept the offers for the
purpose of making profit. We propose the optimal contract design
to maximize the InP’s profit, as well as develop an incentive
mechanism to guarantee each MNO choosing a proper contract
item. Numerical results validate the effectiveness of our incentive
mechanism for BPU resource allocation.

Index Terms—Virtualized base station, cellular networks, con-
tract theory, resource trading, incentive mechanism

I. INTRODUCTION

With the rapid proliferation of mobile devices, the amount
of cellular traffic has dramatically increased. Conventional
solutions, such as increasing the density of base station deploy-
ment, inevitably incur lower efficiency of resource utilization.
To tackle this issue, wireless network virtualization technology
has been proposed as a promising approach [1], [2]. The basic
idea of wireless network virtualization is to regard the wireless
infrastructures as common resources which can be shared by
various mobile network operators (MNO).

The wireless infrastructure sharing is a new research topic
that has attracted lots of attentions recently, and virtualized
base station (VBS) technology is a typical example of it [3]–
[5]. In conventional cellular networks, baseband processing
units (BPU) resources of base stations are separated. By
contrast, in the VBS, BPU resources are congregated in a BPU
pool, and then shared by multiple VBSs, thereby providing an
efficient usage of these resources [6]. There are many studies
conducted on VBS design. In [6], the authors evaluated the

statistical multiplexing gain of BPU resources based on a
multi-dimensional Markov model. In [7], the authors studied
the BPU allocation in a VBS system to minimize the energy
consumption, and the problem was solved by using integer
linear programming.

While the above works focus on system performance or
energy consumption optimization, none of them have studied
the VBS design from an economic aspect. Inspired by this,
in this paper, we optimize BPU allocations in the context
of a market trading process. In such a market, the owner
of the BPUs, i.e., the infrastructure provider (InP), leases its
resources to the MNOs to optimize its profit, where contract
theory can be adopted for optimizing the trading process.

Contract theory is an efficient economic tool to design
contract items and incentive mechanisms between monopolist
and consumers in monopoly markets. It has been introduced to
the wireless communications for resource allocations. In [8],
the authors utilized contract theory to design an interference
coordination framework for mitigating the interference among
remote radio heads (RRHs).

In this paper, we pay our attention to a BPU trading market,
where the InP owns the BPU resources and leases them to
multiple MNOs. We classify these MNOs into multiple types
according to the number of their RRHs, while the InP only
knows the statistical information about MNOs’ types. Under
this assumption, we aim at proposing a contract-theoretic in-
centive mechanism for helping the InP achieve its best interest.
The main contributions of this article are listed as follows.
1) We introduce contract theory into the computing resource
trading between InP and MNOs for the VBS architecture; 2)
We design the contract to maximize the InP’s profit as well as
to motivate MNOs to participate in the trading; 3) We propose
algorithms for solving the optimal contract.

The rest of this paper is organized as follows. In Section II,
we present the system model. We formulate the contract and
derive the optimal contract for continuous-MNO-type model
in Section III. In Section IV, we present numerical results.
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Finally, we draw our conclusions in Section V.

II. SYSTEM MODEL

In this section, the details of BPU resource trading of the
VBS architecture are illustrated. We first describe the VBS
service model in general. Then we formulate some needed
functions of the InP and MNOs in the trading process.

A. Service Model of VBS

We consider there is a BPU pool that is composed of a
number of BPUs, and the BPU trading is between one InP
(leaser) and multiple MNOs (leasees). The MNOs provide
wireless coverage for mobile users with their RRHs, while they
are not equipped with the BPUs. Thus, they have to obtain
BPUs from the InP to conduct baseband signal processing.
The quantity demands of the BPUs vary among the MNOs
according to the scale of their RRHs deployed. Thus, we
assume first that the MNOs have multiple types according
to their RRH scales. Specifically, the type of an MNO is
defined by θ ∈ Θ, where θ represents the number of the RRH,
and Θ is the set of all the MNO types. Then, the fraction
of the BPU resources that an MNO rents is based on this
MNO’s type, which is denoted by p(θ) ∈ [0, 1]. We further
define ε(p(θ)) as the price for renting the BPU resource quota
p(θ). For simplification, we use ε(θ) instead of ε(p(θ)) in the
following derivations. The InP provides a set of contract items(
p(θ), ε(θ)

)
to the MNOs, while each MNO decides whether

to accept it. Our contract-based framework motives each MNO
to rent a certain fraction of the BPUs.

B. InP Model
Once a fraction of BPUs are assigned to a designated MNO,

the InP needs to pay for the energy consumed by the BPUs.
To capture the cost of the InP, we need to build the power
consumption model. According to [9], the power consumption
of a BPU can be modeled as c = PBm + PBM−PBm

sβ0
ϕsβ ,

where PBM and PBm are the maximum and minimum power
consumption of each BPU, ϕ is the BPU’s load, s is the
BPU’s speed, s0 is the reference BPU’s speed, and β is the
exponential coefficient of the BPU’s speed. The total power
consumption is linear with the proportion of rented BPUs,
which can be expressed as t (p(θ)) = cp(θ)N , where N is the
overall number of BPUs in the BPU pool.

Inspired by the price model adopted in [10], the cost of the
consumed power can be quantified by using the polynomial
function C (p(θ)) = a

(
t (p (θ))

)b, where a, b are constants,
with a > 0 and b ≥ 2.

For the InP, the utility (or revenue) of leasing the BPU
resources with the fraction p(θ) to an MNO of type θ, denoted
by U (θ, p), can be defined as the difference between the rental
income and the power consumption cost of the resources, i.e.,

U (θ, p) = ε (θ)− C (p(θ)) . (1)

Obviously, a rational InP will not accept a negative u-
tility from the contract, thus it will always set ε(θ) >
C(p(θ)), ∀p(θ) ∈ [0, 1].

C. MNO Model
In this paper, we assume that the MNOs will conduct paral-

lel tasks on the rented BPUs in order to make efficient usages
of BPUs and achieve high performance. Consequently, the
performance gain will be affected by the ratio of the program
that cannot be processed parallelly. To capture this effect,
we adopt Amdahl’s law to depict the maximum improvement
achieved by applying parallel computing. Therefore, the profit
gained from this improvement is formulated as Γ(θ, p) =

κ
η+ 1−η

p(θ)N

, where η indicates the ratio of task that can only

be processed serially, and κ denotes the profit gained from a
unit improvement due to parallel computing. Without loss of
generality, we suppose κ = 1. Then the profit that a MNO
can obtain from renting the BPU resources can be calculated
as V (θ, p) = θΓ(θ, p).

In the following sections, our objective is to implement the
contract-theoretic model and maximize the InP’s utility.

III. CONTRACT FOR CONTINUOUS-MNO-TYPE

In this section, we investigate the optimal contract design for
the continuous-MNO-type model, which is a general model.
Our main objective is to optimize a set of quantity-price
contract items

(
p(θ), ε(θ)

)
to maximize the InP’s profit.

A. Contract Formulation
We assume that the InP does not know the exact MNO

type θ and only has the knowledge of its distribution, which
is determined by the probability density function, denoted
by f(θ), on an interval [θl, θu]. Then, based on (1), the
expected profit of the InP in continuous-MNO-type model can
be written as

UC =

∫ θu

θl

(
ε(θ)− C (p(θ))

)
f(θ)dθ. (2)

The incentive for a MNO to rent BPU resources to conduct
its task is that its utility is nonnegative. The utility of a type-
θ MNO renting BPU resources with the proportion p(θ) can
be derived by using the MNO’s benefit obtained from BPU
renting minus the BPU’s price, i.e., V (θ, p)− ε (θ). Thus, the
individual rationality (IR) constraint can be expressed as

V (θ, p (θ))− ε (θ) ≥ 0. (3)
Meanwhile, the MNO should find its best interest through

renting the BPU resources assigned to its own type, namely,
incentive compatible (IC) constraint, which is given by

V (θ, p (θ))− ε (θ) ≥ V (θ, p (θ′))− ε (θ′) , (4)
where θ′ ∈ Θ and θ′ ̸= θ.

The IR and IC constraints are the basic conditions to ensure
the feasibility of a contract. Under these conditions, the opti-
mal contract can be formulated as InP’s profit maximization
problem, i.e.,

max
p(θ),ε(θ)

UC

s.t. V (θ, p)− ε(θ) ≥ 0,

θΓ(θ)− ε(θ) ≥ θΓ(θ′)− ε(θ′), θ, θ
′
∈ [θl, θu],∫ θu

θl

p(θ)dθ ≤ 1, 0 ≤ p(θ) ≤ 1. (5)
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The profit maximization problem in (5) is nontrivial to
solve, since it involves the optimization over a schedule
(p(θ), ε(θ)) under the constraints, where other conflicting
optimization problems are involved in themselves.

In the following, in order to solve problem (5), we need to
simplify the IC and IR constraints.
B. Contract Optimization

Lemma 1: As for the optimal contract under the asymmetric
information scenario, the IR constraint can be replaced by
V (θl, p)− ε(θl) ≥ 0, given that the IC constraint holds.

Lemma 2: If the MNO’s utility function satisfies
∂
∂θ

[
−∂V/∂p

∂V/∂ε

]
> 0, then the IC constraint is equivalent to the

following two constraints:
Monotonicity:∂p(θ)∂θ ≥ 0,
Local Incentive Compatibility:

θ(1− η)N

(ηp(θ)N + 1− η)2
∂p(θ)

∂θ
=

∂ε(θ)

∂θ
. (6)

Based on the above two lemmas, the InP’s profit maximiza-
tion problem (5) can be rewritten as

max
p(θ),ε(θ),

UC

s.t. V (θl, p)− ε(θl) ≥ 0,
∂p(θ)

∂θ
≥ 0,

θ(1− η)N

(ηp(θ)N + 1− η)2
∂p(θ)

∂θ
=

∂ε(θ)

∂θ
,∫ θu

θl

p(θ)dθ ≤ 1, 0 ≤ p(θ) ≤ 1.

(7)

To solve this problem, we first define

W (θ) , V (θ, p)− ε (θ) = max
θ̂

(θΓ(θ̂)− ε(θ̂)). (8)

By applying the envelope theorem, we can obtain
dW (θ)

dθ
=

∂W (θ)

∂θ

∣∣∣∣
θ̂=θ

=
1

η + 1−η
p(θ)N

= Γ(θ). (9)

Integrating both sides of (9), we further have

W (θ) =

∫ θ

θl

Γ(θ)dθ +W (θl) . (10)

When the optimal contract holds, the IR constraint of the
lowest type is binding, and thus we obtain W (θl) = 0.
Therefore, (10) can be rewritten as

W (θ) =

∫ θ

θl

Γ(x)dx. (11)

Based on (8) and (11), we can calculate the price of the
BPU resource as

ε (θ) = V (θ, p)−
∫ θ

θl

Γ(x)dx. (12)

Then by substituting (12) into (2), we have

UC =

∫ θu

θl

(
V (θ, p)− C(p(θ))

)
f(θ)dθ

−
∫ θu

θl

∫ θ

θl

Γ(x)f(θ)dxdθ.

(13)

Integrating the last term of (13) by parts leads to

∫ θu

θl

∫ θ

θl

Γ(x)f(θ)dxdθ =

∫ θu

θl

Γ(θ)(1− F (θ))dθ, (14)

where F (θ) is the cumulate distribution function of type θ. The
last line of (14) follows due to F (θl) = 0 and F (θu) = 1.
Substituting (14) into (13), we have

UC =

∫ θu

θl

ŪCdθ, (15)

where ŪC ,
(
V (θ, p)− C(p(θ))− Γ(θ) (1−F (θ))

f(θ)

)
f(θ). To

maximize UC , we can maximize the term ŪC with respect
to the function p(·). Then, the relaxed problem of (15) can
be represented as maxp(θ) ŪC , and the relaxed InP’s profit
maximization problem is given by

max
p(θ)

ŪC

s.t.
dp(θ)

dθ
≥ 0,

∫ θu

θl

p(θ)dθ ≤ 1,

0 ≤ p(θ) ≤ 1, θ, θ
′
∈ [θl, θu].

(16)

To solve the above maximization problem, we first find the
optimal solution for its object function, and then we check
whether the solution satisfies the constrains.

According to Fermat’s theorem, if any local optimal solu-
tion of problem (16), denoted by p̂(θ), exists, the following
condition is satisfied, i.e.,

∂ŪC

∂p

∣∣∣∣ p(θ)=p̂(θ) = 0. (17)

Furthermore, we calculate the second order condition of ŪC ,
and find that ∂2ŪC/∂p

2 ≤ 0 holds all the time, which
indicates that the local optimal solution p̂ (θ) to the problem
(16) is unique and is actually the global optimal solution.

After obtaining the optimal solution based on (17), we
need to check whether it satisfies the monotonicity constraint.
Refer to [11], we adopt the “Bunching and Ironing” algorithm.
To facilitate the understanding of the essential part of this
algorithm, we present the following lemma.

Lemma 3: Assume P (p(x)) be concave functions, p̂(x) =
argmax

p(x)
P (p(x)) and dp(x)/dx ≥ 0. If dp̂(x)/dx ≤ 0, then

there exists a x ∈ [x, x], which satisfies

p̂(x) = p̂(x) = p̂(x) = argmax
p(x)

∫ x

x

P (p(x)). (18)

We first suppose that p̂(x) is the infeasible solution to
problem (7), which violates the monotonicity constraint. The
corresponding infeasible region is [x, x] ⊆ Θ, which satisfies
dp(x)/dx ≥ 0, ∀x ∈ [x, x]. According to Lemma 3, the
infeasible region can be “ironed” to be feasible using (18).

The constraint
∫ θu
θl

p(θ)dθ ≤ 1 reflects the fact that the InP
may not be able to satisfy all requirements from the MNOs due
to the limited BPU resources. In order to meet this constraint
while maximizing InP’s utility, one strategy for the InP is to
selectively serve the MNOs with higher types. Following this,
we define the type θc as a threshold type, which holds the
conditions

∫ θu
θc

p(θ)dθ > 1 and
∫ θu
θc+δ

p(θ)dθ ≤ 1, where δ is
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a small positive “change in”. The InP will set the BPU ratio
p(θ) = 0 for the MNOs below threshold type. Mathematically,
this process can be expressed as

p̂ (θ) =

{
0 ∀θ ≤ θc,
p̂ (θ) ∀θ > θc.

(19)

Substituting (19) into (12), we can obtain the optimal price
for the BPU resources as

ε̂ (θ) =
θ

η + 1−η
p̂(θ)N

−
∫ θ

θl

1

η + 1−η
p̂(x)N

dx. (20)

We conclude the detailed algorithm as shown in the follow-
ing algorithm.

Algorithm 1:
1: initialize p̂ (θ) = argmax

p(θ)
ŪC , ∀θ ⊆ Θ

2: while p̂ (θ) is not feasible do
3: allocate an infeasible region [θ, θ] ⊆ Θ

4: set p̂(θ) = p̂(θ) = p̂(θ) = argmax
p(θ)

∫ θ

θ
ŪC (p(θ))

5: end while
6: search for critical type θc

7: set p̂ (θ) =
{

0 ∀θ ≤ θc
p̂ (θ) ∀θ > θc

8: for θ ⊆ Θ do
9: set ε̂ (θ) = θ

η+ 1−η
p̂(θ)N

−
∫ θ

θl
1

η+ 1−η
p̂(x)N

dx

10: end for
11: set UC =

∫ θu
θl

(
ε̂(θ)− C(p̂(θ))

)
f(θ)dθ

IV. NUMERICAL RESULTS

In this section, we present the numerical results for the pro-
posed contract design. For simplicity, we present the numerical
results for the discrete-MNO-type distributions. We first verify
the feasibility and monotonicity property of our proposed
contract. Then we analyze the optimal contract through various
parameters. The effectiveness of our designed contract is
verified via numerical results. Unless otherwise stated in the
following, related parameters are shown in Table I.

TABLE I
RELATED PARAMETERS IN NUMERICAL RESULTS

Total BPU number within the pool N 100
Portion of non-prarallel computing η 0.2
BPU’s load ϕ 0.9
Maximum power consumption per BPU PBM 20 W
Minimum power consumption per BPU PBm 5 W
BPU’s speed s 2 GHz
Reference BPU’s speed s0 2 GHz
Exponential coefficient of BPU’s speed β 2
First constant of the power cost a 2/10000000
Second constant of the power cost b 4
Profit per improvement of parallel computing κ 1

A. Feasibility of Contract

In this subsection, we study the feasibility of the proposed
contract. To have a better understanding of the feasibility
property, we only consider the one-MNO case, and begin with
the IC constraint. Fig. 1 shows the MNO’s utilities under
various types θ = 5, 6, 7, 8, and 9 with fixed number N = 100
of BPUs in the pool and the parameter of parallel computing
η = 0.2. We can see that, the MNO of each type can achieve
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Fig. 1. MNO utility vs. MNO type θ′, where θ′ ∈ Θ and θ′ ̸= θ, for fixed
η = 0.2, fixed N = 100, five MNO type values θ = 5, 6, 7, 8, 9.
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Fig. 2. Optimal allocated fraction p̂(θ) vs. MNO type θ for fixed N = 100,
and five values of η = 0.1, 0.2, 0.4, 0.6, 0.8.

its maximum utility only by selecting the type of contract
designed for its own type, which is indicated by the constraint
(4). The figure also shows that the MNO with a higher type
has a higher utility, which is consistent with Lemma 2.

Next, we focus on the monotonicity of the optimal fraction
versus the type of MNO in Fig. 2. It shows that the optimal
BPU resource allocation increases with MNO type θ, and
grows more slowly with a higher θ than that with a smaller
one. It matches the monotonicity characteristic in Lemma 2.
B. Optimal Contract versus Parallel Parameter η

Fig. 2 also depicts the effect of various η under the op-
timal contract. The numerical results are conducted for fixed
N = 100 and uniformly-distributed MNOs. It shows that when
η is relatively small, i.e., the portion of parallel computing
is high, the InP is willing to allocate more BPU resources
to explore the benefits brought by parallel computing. The
optimal fraction of BPU resources shrinks rapidly when η
is approaching 1, which means that when η becomes larger,
the performance gain that an MNO can obtain from parallel
computing becomes less, thereby leading to a sharp reduction
in the allocated BPU resources.
C. Optimal Contract versus BPU Pool Scale

Fig. 3 depicts the optimal contract versus the scale N of the
BPU pool, where the parameter N stands for the total BPU
numbers owned by the InP. The numerical results are conduct-
ed for fixed η = 0.2, with the uniformly-distributed MNOs of
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Fig. 3. Optimal allocated fraction p̂(θ) vs. BPU pool scale N for fixed
η = 0.2, five MNO types of θ = 10, 15, 20, 25, 30.

types θ = 10, 15, 20, 25, 30. It illustrates the optimal resource
allocations under different MNO types as N increases. From
(1), we can observe that the InP’s utility is actually related to
the number of BPU allocated to the MNO, which is calculated
by the fraction of BPU resources times overall number of the
BPUs. Although the overall number of the BPUs increases,
the best strategy to achieve optimal profit is to allocate the
same amount of BPUs to the MNOs. Thus, we can find that
the optimal BPU resource allocation is inversely proportional
to N , which can be verified from Fig. 3.
D. Optimal Contract under Type Distributions

Next, we show the performance of the optimal contracts
under three different distribution cases of MNO type, i.e., case
1: f(θi) = 1

n ; case 2: f(θi) = 1
δ θi; case 3: f(θi) = 1

δ θn−i+1,
where δ =

∑n
i=1 θi. To be more clear, in case 1, all MNOs

follow the uniform distribution; In case 2, the MNOs of a
higher type have a greater proportion; In case 3, the MNOs of
a lower type have a greater proportion, which is the opposite
to case 2. Fig. 4 depicts the optimal BPU resource allocations
for different MNO type distributions. It can be seen that if the
MNOs of a lower type become scarce, InP may or reduce BPU
allocation of lower type MNOs. It is interesting to observe that
for a specific MNO type in case 2, the corresponding optimal
resource allocation is smallest. The reason is that, case 2 has
the greatest fraction of high-type MNOs who can bring in
more profits for the InP. Thus, the InP can achieve the maximal
utility through serving less clients. On the other hand, resource
allocations in case 3 for MNOs of higher types become lower
compared with other cases since the MNOs of higher types
occupy a less portion according its type distribution.

V. CONCLUSION

In this paper, we study the computing resource trading in a
virtualized cellular network with two kinds of participant, i.e.,
InP and MNOs. We investigate the trading process through
contract-theoretic approach. In such a market, by viewing the
BPUs as a kind of resources, the InP acts as a monopolist, set-
ting up a set of resource quantity-price contracts. The MNOs,
on the other hand, act as consumers, choosing proper contract
items according to their own type. We formulate the contract
and designed incentive mechanisms to motivate the InP to
lease its BPUs to MNOs to maximize its profit. We develop
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Fig. 4. Optimal allocated fraction p̂(θ) vs. the index of the MNO types under
three cases of distributions f(θi) of the MNO type for fixed η = 0.2, fixed
N = 100, and five MNO types of θ = 10, 15, 20, 25, 30.

the optimal contract and design corresponding algorithms to
achieve the optimal contracts. Numerical results are performed
to validate the feasibility of our proposed contract for giving
the optimal BPU resource allocation and price, where we take
into account various parameters. These numerical results show
the effectiveness of the proposed contract design and analysis.
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