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Abstract—A queue-aware robust (QuaRo) coordinated transmission strategy is proposed for Cloud Radio Access Networks (C-RANs) with a central BaseBand processing Unit (BBU)
connected to multiple Remote Radio Heads (RRHs). Such QuaRo
strategy is adaptive to both user-traffic urgency via Queue State
Information (QSI) and wireless channel opportunity via the
observed (yet imperfect) Channel State Information (CSI). This
involves clustering the RRHs into virtual user-centric clusters and
performing Coordinated Beamforming (CB) from each virtual
cluster to the target user in the downlink. The underlying control
policy is formulated via Lyapunov optimization to minimize
the average total transmit power at the RRHs while ensuring
the stability of the system. In particular, the designed control
policy does not require a-priori knowledge of the probability
distribution of data-traffic arrival and channel states, and is
robust against the instantaneous channel estimation error in each
time slot. Extensive simulation results are presented to illustrate
performance gains and robustness of the proposed solutions.
Index Terms—Cloud Radio Access Networks; User-centric
Clustering; Coordinated Beamforming; Lyapunov Optimization.

I. I NTRODUCTION
A. Overview
Over the last few years, the proliferation of personal mobile
computing devices like tablets and smartphones along with a
plethora of data-intensive mobile applications has resulted in a
tremendous increase in demand for ubiquitous and high datarate wireless communications. While the allocated bandwidth
for each system is limited, current practice to enhance the
spectral efficiency is to densify Base Station (BS) deployment in smaller cells and to increase the frequency reuse
factor. However, additional deployment and maintenance of
a large number of cellular BSs are highly inefficient due
to excessive capital and operating expenditures. Moreover,
in a fully-loaded cellular environment with a high frequency
reuse factor, users at the cell boundaries are severely affected
by the inevitable inter-cell interference [1]. To address such
problem, Coordinated Multi-Point (CoMP) transmission and
reception techniques [2] can be employed where neighboring
BSs are grouped together to perform coordinated beamforming
and/or joint processing. These techniques can help mitigate
inter-cell interference and thus enhance the spectral efficiency
at the cost, however, of higher-complexity receivers and
overhead due to information exchange among the BSs. In
current cellular-network architectures, physical links only exist
between BSs and their corresponding access-network gateway;

hence, the control signaling between BSs, which is needed to
realize CoMP, has to travel through costly backhaul links, and
often over a one-level higher layer in the aggregation hierarchy. Consequently, the latency and scarce interconnection
capacity among BSs have resulted in limited deployments of
CoMP in practice and, in turn, in modest BS cooperation.
Recently, Cloud Radio Access Network (C-RAN) [3], [4]
has been introduced as a new paradigm for wireless cellular
network that addresses the fluctuation in capacity demand
efficiently while lowering the cost of delivering services to
the users. Key characteristics of C-RAN include: i) centralized
management of computing resources, ii) collaborative communications, and iii) real-time cloud computing on generic platforms. As shown in Fig. 1, a typical C-RAN is composed of
multiple Remote Radio Heads (RRHs) distributed over a wide
geographic region and a BaseBand processing Unit (BBU)
consisting of general-purpose servers housed in a datacenter
Cloud. The RRHs are connected to the BBU through highbandwidth low-latency fronthaul links (e.g., optical fibers).
Thanks to its centralized nature, C-RAN provides a higher
degree of cooperation and communication among the BSs.
In this paper, we leverage the potential of C-RAN and
design a queue-aware robust coordinated transmission strategy
for downlink channels. Our proposed control policy aims at
minimizing the average total transmit power at the RRHs while
ensuring the stability of the queueing system at the BBU
pool. The centralized model of the BBU allows for real-time
inter-communication among the Virtual Base Station (VBS)
deployed on the co-located servers, thus fully enabling dynamic reconfiguration of virtual user-centric RRH clusters and
coordinated joint transmission of RRHs in each cluster. In this
strategy, each virtual cluster is configured dynamically for a
specific user by selecting the RRHs located in the vicinity of
that user. This is different from traditional static and networkcentric clustering approaches where the cluster boundaries are
fixed and each RRH belongs to one cluster only. With a
user-centric clustering of the RRHs, the problematic notion
of cluster-edge is de-emphasized as each scheduled user is
always a central of a cluster, which leads to lower inter-cluster
interference and higher spectral efficiency.
B. Related Work
Pioneering works on realizing the benefit of C-RANs have
focused on the overall system architecture with emphasis
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on system issues, feasibility of virtual software base station
stacks, performance requirements, and analysis of optical links
between RRHs and their VBSs [3], [5], [6].
On the other hand, advanced cooperation techniques for CRAN have also been studied targeting different objectives. For
example, the network power minimization problem is studied
in [7], [8] using group-sparse beamforming techniques. The
problem of weighted sum-rate maximization with user-centric
clustering is studied in [9]–[11]. However, these works only
focus on physical-layer performance of spectral efficiency or
energy efficiency, and do not take into account the bursty arrival nature and latency requirement of delay-sensitive traffic.
Therefore, the resulting control policy is only adaptive to the
Channel State Information (CSI) and does not guarantee good
delay performance for delay-sensitive applications.
Queue-aware dynamic resource allocation in stochastic
wireless networks has been investigated in several works. For
example, in [12], the authors proposed a delay-optimal dynamic clustering and power allocation for traditional multi-cell
networks based on distributed stochastic learning; in [13], the
authors proposed a queue-weighted dynamic optimization algorithm for the joint allocation of subframes, resource blocks,
and power in relay-based LTE-A networks using a Lyapunov
optimization approach. However, all these works assume that
perfect CSI is available at the transmitter; consequently, such
solution cannot work in C-RANs where practical challenges
such as imperfect CSI at the BBU cannot be overlooked.
Unlike in these aforementioned works, in this paper we
study a coordinated downlink transmission strategy that is
adaptive to both channel and queue information in each
scheduling slot. In addition, by considering the imperfect CSI
available at the BBU pool, our solution is robust against
channel estimation errors in practical systems.
C. Contributions
We propose a queue-aware robust coordinated downlink
transmission strategy for C-RANs that is formulated according
to the Lyapunov optimization theory so to minimize the
average total transmit power at the RRHs while ensuring
stability of the queueing system at the BBU cloud. The
designed control policy does not require a-priori knowledge of
the probability distribution of data-traffic arrival and channel
states, and achieves throughput optimality given that the
average arrival rates fall within the system stability region.
In our proposed control policy, the BBU cloud observes both
the Queue State Information (QSI) and (imperfect) CSI at the
beginning of each scheduling slot, and makes decisions on the
clustering of RRHs for each scheduled user together with the
coordinated beamforming design of the RRHs in each cluster.
D. Paper Organization
The remainder of this paper is organized as follows: in
Sect. II, we introduce the C-RAN system and present the
considered channel and queuing models; in Sect. III, we
describe the control policy design and formulate the perslot optimization problem; in Sect. IV, we derive the user-
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centric clustering and queue-aware coordinated beamforming
schemes. Then, in Sect. V, we illustrate the simulation results,
and conclude the paper and point to future works in Sect. VI.
II. S YSTEM M ODEL
In this section, we introduce the considered C-RAN downlink system model, the physical-layer model with imperfect
CSI consideration, and the bursty source model followed by
queue dynamics and system stability definition.
A. C-RAN Downlink System
We consider a C-RAN system with multiple RRHs connected via high-capacity, low-latency fronthaul links to a BBU
pool. We study the downlink transmission of the system in
a single frequency band, which is considered to be spatially
reused across all the users. Let ℛ = {1, 2, ..., 𝑅} and
𝒰 = {1, 2, ..., 𝑈 } be the set of RRHs and active users in
the system, respectively. For simplicity, we assume that each
user has single antenna while each RRH is equipped with 𝑁
antennae. It should be noted that our solution can be extended
to the case of multi-antenna users and different number of
antennae at the RRHs.
To take advantage of C-RAN in providing high orders of
cooperation among the RRHs, we consider a user-centric coordinated downlink transmission strategy. In particular, based on
the observed CSI in each scheduling slot, the central controller
in the BBU pool adaptively forms a virtual cluster of RRHs
for each scheduled user. In this scheme, each RRH can belong
to multiple virtual clusters at the same time. The size of a
cluster, defined as the number of RRHs in that cluster, can be
flexibly chosen; however, the maximum cluster size might be
constrained by different factors such as the maximum distance
between RRHs in a cluster or the induced signaling overhead
to realize cooperation strategy among the RRHs in a cluster.
Let 𝑠𝑟𝑢 (𝑡) denote the association variable for user 𝑢 and
RRH 𝑟 in 𝑡th scheduling slot, i.e., 𝑠𝑟𝑢 (𝑡) = 1 if RRH 𝑟 is in
the serving cluster of user 𝑢 and 𝑠𝑟𝑢 (𝑡) = 0 otherwise. We also
define 𝒱𝑢 (𝑡) = {𝑟 ∈ ℛ ∣𝑠𝑟𝑢 (𝑡) = 1 } as the serving cluster of
user 𝑢 in 𝑡th scheduling slot. Correspondingly, the set of users
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associated with RRH 𝑟 in this slot is denoted as 𝒰 (𝑟, 𝑡) =
{𝑢 ∈ 𝒰 ∣𝑠𝑟𝑢 (𝑡) = 1 }. Note that each RRH can simultaneously
serve at most 𝑁 users, i.e., ∣𝒰 (𝑟, 𝑡)∣ ≤ 𝑁, ∀𝑟 ∈ ℛ.

B. Physical-layer Model
In the considered system, the scheduling is carried out in
consecutive time slots indexed by 𝑡 ∈ {1, 2, ...}, where 𝑡
denotes the time interval [𝑡, 𝑡 + 𝜏 ) and 𝜏 is the slot duration.
In this paper, we refer to 𝑡 as the time slot and scheduling
slot interchangeably. In the 𝑡th slot, we denote h𝑟𝑢 (𝑡) ∈ ℂ1×𝑁
as the actual channel coefficient vector from RRH 𝑟 to user
𝑢 and H (𝑡) = {h𝑟𝑢 (𝑡), 𝑢 ∈ 𝒰, 𝑟 ∈ ℛ} as the global CSI. It is
assumed that H (𝑡) is quasi static in each scheduling slot and
is independent and identically distributed (i.i.d.) over different
slots. In addition, h𝑟𝑢 (𝑡) is independent with respect to (w.r.t.)
the slot index 𝑡 and (𝑢, 𝑟), ∀𝑢 ∈ 𝒰 , 𝑟 ∈ ℛ.
We consider that perfect CSI is available at the users only
while imperfect CSI at the Transmitter (CSIT) is obtained at
the BBU pool. In practice, imperfect CSIT is usually achieved
due to estimation errors and feedback latency in Frequency
Division Duplex (FDD) systems or due to the duplexing delay
in Time Division Duplex (TDD) systems. Let h̃𝑟𝑢 (𝑡) ∈ ℂ1×𝑁
be the imperfect estimation
of h𝑟𝑢 (𝑡) available
at the BBU
{
}
𝑟
pool and H̃ (𝑡) = h̃𝑢 (𝑡), ∀𝑢 ∈ 𝒰 , 𝑟 ∈ ℛ be the observed
global CSIT. In this paper, we adopt a popular imperfect CSIT
model as presented in [14], where h̃𝑟𝑢 (𝑡) is given as,
√
h̃𝑟𝑢 (𝑡) = h𝑟𝑢 (𝑡) + 𝜖𝑢 v𝑢𝑟 ,
(1)
in which v𝑢𝑟 ∈ ℂ1×𝑁 is a complex Gaussian random vector
denoted as v𝑢𝑟 ∼ 𝒞𝒩 (0, I𝑁 ), and 𝜖𝑢 ∈ [0, 1] is the CSIT error
variance, which measures the CSIT quality and is assumed
to be the same for all channel estimation from each user. In
particular, when 𝜖𝑢 = 0, we have h̃𝑟𝑢 (𝑡) = h𝑟𝑢 (𝑡), which
corresponds to the perfect CSIT case; and when 𝜖𝑢 = 1, we
†
have h̃𝑟𝑢 (𝑡) (h𝑟𝑢 (𝑡)) = 0, which corresponds to the no CSIT
†
case, where (⋅) denotes the Hermitian operator.
During each scheduling slot, we assume that each user has a
single traffic flow that is independent of all other users’ flows.
Users having multiple traffic flows is a special case of our
considered system with multiple single-flow users at the same
location. In the 𝑡th slot, let 𝑥𝑢 (𝑡) ∈ ℂ denote the downlink
data symbol of unit power for user 𝑢. It is assumed that 𝑥𝑢 (𝑡)
is independent from the receiver noise and time slot index 𝑡.
The BBU pool processes baseband data signals for each user
and computes the corresponding beamforming coefficients for
the RRHs in the serving cluster of that user. In the 𝑡th slot, let
w𝑢𝑟 (𝑡) ∈ ℂ𝑁 ×1 be the linear downlink beamforming vector
at RRH 𝑟 for user 𝑢 and W (𝑡) = {w𝑢𝑟 (𝑡) ∣∀𝑢 ∈ 𝒰 , 𝑟 ∈ ℛ }
be the network beamforming design. Thus, the received signal
𝑦𝑢 (𝑡) ∈ ℂ at user 𝑢 is,
∑
𝑦𝑢 (𝑡) =
h𝑟𝑢 (𝑡) w𝑢𝑟 (𝑡) 𝑥𝑢 (𝑡) + 𝑧𝑢 (𝑡)
𝑟∈𝒱𝑢

+

∑

∑

𝑢′ ∈𝒰 ,𝑢′ ∕=𝑢 𝑟 ′ ∈𝒱𝑢′

$

′

′

h𝑟𝑢 (𝑡) w𝑢𝑟 ′ (𝑡) 𝑥𝑢′ (𝑡), (2)
%&

interference

'

where 𝑧𝑢 (𝑡) is the zero-mean circularly symmetric Gaussian
noise, denoted as 𝒞𝒩 (0, 𝜎 2 ). The Signal-to-Interference-plusNoise Ratio (SINR) at user 𝑢 can be calculated as,
(2
(
(
( ∑
(
(
𝑟
𝑟
h𝑢 (𝑡) w𝑢 (𝑡)(
(
(
(𝑟∈𝒱𝑢
. (3)
𝛾𝑢 (𝑡) =
(2
(
(
( ∑
∑
(
(
′
′
h𝑟𝑢 (𝑡) w𝑢𝑟 ′ (𝑡)( + 𝜎 2
(
(
𝑢′ ∈𝒰 ,𝑢′ ∕=𝑢 (𝑟 ′ ∈𝒱𝑢′

With this position, the mutual information of user 𝑢 in
slot 𝑡 can be calculated as Γ𝑢 (𝑡) = log2 (1 + 𝛾𝑢 (𝑡)) . Let
𝑅𝑢 (𝑡) be the scheduled transmission rate [bit/s/Hz] of user
𝑢 in the 𝑡th slot, calculated using the observed CSIT H̃ (𝑡).
Due to imperfect CSIT, there is uncertainty of the mutual
information Γ𝑢 (𝑡), which results in an outage probability
associated with each scheduled transmission due to packet errors. Transmission outage occurs whenever the scheduled data
rates exceeds the instantaneous mutual information despite the
use of powerful error correction coding. Therefore, when the
scheduled transmission rate is 𝑅𝑢 (𝑡), the goodput [15] (i.e.,
the amount of data successfully delivered to user 𝑢) is,
{
𝑅𝑢 (𝑡) , 𝑅𝑢 (𝑡) ≤ Γ𝑢 (𝑡) ,
(4)
𝐺𝑢 (𝑡) =
0,
otherwise.

C. Bursty Source Model
Let 𝐴𝑢 (𝑡) , 𝑢 ∈ 𝒰 , be the random data arrival rate [bits/s]
of user 𝑢 (for downlink) in 𝑡th scheduling slot. It is assumed
that the arrival process 𝐴𝑢 (𝑡) is distributed according to a
general distribution and is i.i.d. over scheduling slots and
independent w.r.t. 𝑢. The average arrival rate for user 𝑢 is
denoted as 𝜆𝑢 = 𝔼 [𝐴𝑢 (𝑡)]. Let 𝑄𝑢 (𝑡) ≥ 0 be the downlink
queue length of user 𝑢, i.e., the number of bits in the queue
maintained at the BBU pool for downlink data of user 𝑢,
at the beginning of the 𝑡th scheduling slot. We denote as
Q (𝑡) = [𝑄1 (𝑡) , 𝑄2 (𝑡) , ...𝑄𝑈 (𝑡)] the system QSI in the 𝑡th
slot. The queue dynamic of user 𝑢 evolves as follows [16],
+

𝑄𝑢 (𝑡 + 1) = [𝑄𝑢 (𝑡) − 𝐵𝜏 𝐺𝑢 (𝑡)] + 𝐴𝑢 (𝑡) 𝜏,

(5)

+

where 𝐵 is the channel bandwidth, [𝑥] = max {𝑥, 0}, 𝜏 is
the slot duration, and 𝐺𝑢 (𝑡) is given in (4). In this paper, we
assume that the packets arrived during each time slot are not
observed when the control action of this slot is performed.
Due to resource-allocation constraints, there are finite bounds
on the second moment of the arrival rate
] rate
∑and[ output
𝔼 𝐴2𝑢 (𝑡) and
(goodput) [17], defined as 𝐴2max = max
𝑢 𝑢∈𝒰
∑ [ 2 ]
𝔼 𝐺𝑢 (𝑡) , respectively. Note that the queue
𝐺2max = max
𝑢

𝑢∈𝒰

dynamics of 𝑈 users in the system are coupled together
through the interference components, as shown in (2). In
particular, the departure of the 𝑢th queue depends on the
control actions of all the other data flows.
Following the definition in [16], we say that the queueing
network of the system is strongly stable if
lim sup

𝑇 →∞

𝑇
1∑
𝔼 [𝑄𝑢 (𝑡)] < ∞, ∀𝑢 ∈ 𝒰 .
𝑇 𝑡=1

(6)
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The condition in (6) implies that a queue is strongly stable if
it has a bounded time average backlog. Throughout the paper
we will use the term ‘stability’ to refer to strong stability.
Furthermore, the stability region 𝒮Ω of a control policy Ω is
the set of average arrival rate vectors 𝝀 = {𝜆𝑢 ∣𝑢 ∈ 𝒰 } for
which the system is∪stable under Ω. Thus, the stability region
𝒮Ω , where Ψ is the set of all feasible
of the system is
Ω∈Ψ

control policies satisfying the system stability condition. A
throughput-optimal control policy is a policy that can stabilize
the system for all arrival-rate vectors falling within the system
stability region [16].
III. P ROBLEM F ORMULATION

In this section we formulate the queue-aware robust coordinated downlink transmission policy, QuaRo, for the considered
C-RAN system that aims at minimizing the average total
transmit power at the RRHs while maintaining system stability.
We use Lyapunov optimization theory to design a control
policy that involves solving joint clustering and queue-aware
coordinated beamforming problem in each scheduling slot.
A. Robust Coordinated Downlink Transmission Policy
Let Ω denote our proposed QuaRo downlink transmission
policy that is adaptive to the system QSI and observed imperfect CSIT. In QuaRo, the decision process is formulated
based on the system evolvement at discrete scheduling slots
{𝑡 = 1, 2, ...}. At the beginning of each slot, the central
controller in BBU pool observes the current H̃ (𝑡) and current
Q (𝑡), and makes a control action involving a clustering
decision 𝒱(𝑡) and a beamforming design ℬ(𝑡). We define the
control policy Ω in each time slot 𝑡 as follows,
(
)
Δ
(7)
Ω H̃ (𝑡) , Q (𝑡) = (𝒱 (𝑡) , ℬ (𝑡)) ,
where ℬ (𝑡) = {w𝑢𝑟 (𝑡) , ∀𝑢 ∈ 𝒰 , 𝑟 ∈ ℛ} and 𝒱 (𝑡) =
{𝑠𝑟𝑢 (𝑡) , ∀𝑢 ∈ 𝒰 , 𝑟 ∈ ℛ}. In slot 𝑡, the transmit power at each
RRH 𝑟 calculated as,
∑
2
∥w𝑢𝑟 (𝑡)∥2 , ∀𝑟 ∈ ℛ.
(8)
𝑃𝑟 (𝑡) =
𝑢∈𝒰 (𝑟,𝑡)

Thus,
∑ the total transmit power of all the RRHs is 𝑃 (𝑡) =
𝑃𝑟 (𝑡), and the time-average total transmit power of all

𝑟∈ℛ

the RRHs is,

𝑇
1∑ Ω
𝔼 [𝑃 (𝑡)]
𝑃¯ (Ω) = lim sup
𝑇 →∞
𝑇 𝑡=1
⎡
⎤
𝑇
1 ∑ Ω ⎣∑ ∑
2
= lim sup
𝔼
∥w𝑢𝑟 (𝑡)∥2 ⎦ . (9)
𝑇 →∞
𝑇 𝑡=1
𝑟∈ℛ 𝑢∈𝒰 (𝑟,𝑡)

where 𝔼Ω [⋅] denotes the expectation taken w.r.t. the measure
induced by the given policy Ω.
In our proposed QuaRo policy, we aim at minimizing the
time-average total transmission power cost while ensuring the
queue stability condition in (6), i.e., the average service rate
for each queue is greater than the average arrival rate. To
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realize this strategy, we formulate the underlying optimization
problem as follows,
∑
𝑃¯ (Ω)
(10)
min
Ω

s.t.

𝑢∈𝒰

lim sup

𝑇 →∞

𝑇
1∑ Ω
𝔼 [𝑄𝑢 (𝑡)] < ∞, ∀𝑢 ∈ 𝒰 .
𝑇 𝑡=1

Traditionally, this problem can be addressed using Dynamic
Programming and Markov Decision Theory, which involve offline computations with very high complexity and require full
a-priori knowledge of all system statistics [17]. Conversely,
our approach employs Lyapunov optimization theory [18],
[19], which caters to simple online decision making in each
scheduling slot without requiring knowledge of the underlying
probability distribution of data arrival and channel states.
B. Stochastic Lyapunov Optimization
An important and popular method to analyze the queueaware resource control in wireless systems is to characterize
the control policies in the stochastic stability sense using the
Lyapunov drift theory [18], which is extended to the Lyapunov
optimization theory [19]. We leverage Lyapunov optimization
theory to stabilize the queuing system at the BBU pool while
additionally minimizing the time-average total transmit power
at the RRHs. In order to show the stability property of the
queueing systems, we rely on the well-developed stability
theory in Markov chains using the negative Lyapunov drift.
In particular, the quadratic Lyapunov function for the system
QSI at time slot 𝑡 is defined as the sum of squares of the
individual queue backlogs and is expressed as,
∑
Δ
𝑄2𝑢 (𝑡).
(11)
ℒ (Q (𝑡)) =
𝑢∈𝒰

The Lyapunov function in (11) characterizes the extent of
congestion in the queuing system. In particular, a small value
of ℒ (Q (𝑡)) implies that all the queues are short, while a large
value of ℒ (Q (𝑡)) means that at least one queue is long. Based
on the Lyapunov function, we define the one-step conditional
Lyapunov drift in slot 𝑡 as,
Δ

Δ (Q (𝑡)) = 𝔼Ω [ ℒ (Q (𝑡 + 1)) − ℒ (Q (𝑡))∣ Q (𝑡)] ,

(12)

which represents the expected change in the Lyapunov function
from one time slot to the next one under control policy Ω.
Let 𝑃 ∗ represents the desired “target” average total transmit
power expense at the RRHs; we now present the Lyapunov
Optmization theorem w.r.t. the stochastic penalty process
associated with the total transmit power 𝑃 (𝑡) as follows.
Theorem 1. (Lyapunov Optimization) [19]: If there are positive constants 𝑉 , 𝜂, Φ such that for all 𝑡 and all Q (𝑡), the
Lyapunov drift satisfies,
∑
𝑄𝑢 (𝑡) + 𝑉 𝑃 ∗ ,
Δ (Q (𝑡)) + 𝑉 𝔼 [𝑃 (𝑡) ∣Q (𝑡) ] ≤ Φ − 𝜂
𝑢∈𝒰

(13)
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then, we have

A. Heuristic User-centric Clustering

(
)
𝑇
Φ + 𝑉 𝑃∗ − 𝑃
1∑
lim sup
,
𝔼 [𝑄𝑢 (𝑡)] ≤
𝑇 →∞
𝑇 𝑡=1
𝜂
and

𝑃 ≤ 𝑃 ∗ + Φ/𝑉.

(14)
(15)

Thus, when Theorem 1 holds, the time-average total transmit power 𝑃¯ is at most Φ/𝑉 beyond the target 𝑃 ∗ . In
other words, by adjusting the parameter 𝑉 , 𝑃¯ can be pushed
arbitrarily close to the optimal value with a corresponding
linear increase in the upper bound of the time-average queue
length on the left hand side of (14). Theorem 1 suggests
that the optimal control policy Ω is achieved by greedily
minimizing the Lyapunov-drift-plus-penalty function on the
LHS of (13) in each time slot, i.e., by minimizing,
Δ (Q (𝑡)) + 𝑉 𝔼Ω [ 𝑃 (𝑡)∣ Q (𝑡)] ,

(16)

where the expectation is taken over all possible control actions
{𝒱 (𝑡) , ℬ (𝑡)}. Such a control policy Ω can achieve the powerdelay tradeoff of [𝒪 (1/𝑉 ) , 𝒪 (𝑉 )] by adjusting the parameter
𝑉 (refer to [16] for the proof). We have the following Lemma.
Lemma 1. A control policy that minimizes the time-average
total transmit power while ensuring queue stability can be
obtained by solving the per-slot optimization problem below,
∑
𝑄𝑢 (𝑡)𝐺𝑢 (𝑡) − 𝑉 𝑃 (𝑡) , ∀𝑡.
(17)
max
Ω={𝒱(𝑡),ℬ(𝑡)}

𝑢∈𝒰

Proof. See Appendix A.
For simplicity, we will drop the time index 𝑡 in subsequent
analyses and express the problem in (17) as a per-slot queueaware clustering and coordinated beamforming problem below,
∑
𝑄𝑢 𝐺𝑢 − 𝑉 𝑃.
(18)
max
{𝒱,ℬ}

𝑢∈𝒰

IV. Q UEUE - AWARE C LUSTERING AND C OORDINATED
B EAMFORMING (QCB)
We derive here the solution to the queue-aware clustering
and coordinated beamforming problem presented in (18).
Firstly, to achieve a low-complexity solution, the clustering
decision is determined via a simple heuristic algorithm that
selects the RRHs around each user to form virtual clusters.
Given a clustering decision, we then focus on the Queueware Coordinated Beamforming (QCB) problem, which is
non-convex and contains an outage probability constraint that
does not have a closed-form expression. To overcome these
difficulties, we apply a Bernstein-type inequality to derive
a closed-form approximation of the outage probability constraint. The QCB problem is then effectively solved using a
novel proposed iterative algorithm based on a SemiDefinite
Relaxation (SDR) approach.

A clustering decision specifies the association between users
and RRHs. Generally, in a network with 𝑈 users and 𝑅 RRHs,
the optimal clustering decision can be found via exhaustive
search over 2𝑈 𝑅 possible clustering patterns. Apparently this is
not a practical approach given the large number of association
variables 𝑠𝑟𝑢 ’s. Hence, in this paper, we aim for a lowcomplexity clustering decision that can be made in each time
slot based on the received signal strength from the surrounding
RRHs at each scheduled user.
We consider that each virtual cluster has 𝐾 RRHs, i.e.,
𝐾 = ∣𝒱𝑢 ∣ , ∀𝑢 ∈ 𝒰. Based on the observed imperfect CSI at
the BBU pool, the central controller forms a serving cluster for
each user
( 𝑢( by selecting 𝐾 RRHs having the strongest channel
( (
gains, (h̃𝑟𝑢 (, to user 𝑢. It is assumed that an admission control
process is performed prior to the clustering decision to ensure
that the number of users associated to each RRH does not
exceed 𝑁 (the number of transmit antennae on each RRH).
While admission control is out of the scope of this paper, it
is worth noting that a simple greedy user-selection algorithm
can be employed (see, for example, [20]).
It is reasonable to argue that the use of imperfect CSIT for
heuristic clustering is relatively good because: i) in practice,
the CSIT error in the C-RAN downlink systems cannot be too
large, otherwise multi-user interference will severely limit the
system performance of spatial multiplexing [21]; and ii) the
dominating factor for clustering is the long-term path-loss and
shadowing, as studied in [22].
B. Queue-aware Coordinated Beamforming
Given the clustering decision determined by the heuristic
algorithm described in the previous section, we now consider
the QCB design problem. In particular, for a given 𝒱, we
need to find the optimal beamforming design ℬ ∗ by solving
the QCB problem below,
∑
∑ ∑
2
max
𝑄𝑢 𝐺𝑢 − 𝑉
∥w𝑢𝑟 ∥2 .
(19)
𝑟
w𝑢
𝑢∈𝒰 ,𝑟∈ℛ 𝑢∈𝒰

𝑟∈ℛ 𝑢∈𝒰 (𝑟)

Let 𝜌𝑢 be the target outage probability corresponding to the
delivery
( of data
) signals to user 𝑢 given the observed system
state H̃, Q , i.e.,
(
]
[
(
(20)
Pr 𝑅𝑢 ≤ Γ𝑢 (H̃, Q ≥ 1 − 𝜌𝑢 , ∀𝑢 ∈ 𝒰 .
From (4) and (20), we recast the QCB problem in (19) as,
∑
∑ ∑
2
max
𝑄
𝑅
(1
−
𝜌
)
−
𝑉
∥w𝑢𝑟 ∥2 ,
𝑢
𝑢
𝑢
𝑟
w𝑢 ,𝑅𝑢 ,
𝑢∈𝒰 ,𝑟∈ℛ 𝑢∈𝒰

s.t.

𝑟∈ℛ 𝑢∈𝒰 (𝑟)

(21a)

(
]
(
Pr 𝑅𝑢 ≤ Γ𝑢 (H̃, Q ≥ 1 − 𝜌𝑢 , ∀𝑢 ∈ 𝒰 ,
[

(21b)
(21c)

0 ≤ 𝜌𝑢 ≤ 1, ∀𝑢 ∈ 𝒰 .

Note that the optimization variables are now the beamforming vectors {w𝑢𝑟 } and the scheduled transmission rates {𝑅𝑢 }.
Problem (21) is very difficult to solve as it is non-convex
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and the conditional probability constraint in (21b) does not
have a closed-form expression. To overcome these drawbacks,
our approach is to use a Bernstein-Type Inequality to derive
a closed-form approximation of such constraint. Finally, the
QCB problem is solved by a novel iterative algorithm based
on a SDR approach.
For convenience, let w𝑢 = 𝑣𝑒𝑐 (w𝑢𝑟 , 𝑟 ∈ 𝒱𝑢 ) ∈ ℂ𝑁 𝐾×1
be the beamforming vector to user 𝑢 from its serving
cluster, where the 𝑣𝑒𝑐 (⋅) operator stacks all elements of
w𝑢𝑟 ’s, 𝑟 ∈ 𝒱𝑢 , into a long column-vector. Similarly, let
)𝑇
(
𝑇
∈ ℂ1×𝑁 𝐾 and h𝑢,𝑢′ =
h𝑢 = 𝑣𝑒𝑐 (h𝑟𝑢 ) , ∀𝑟 ∈ 𝒱𝑢
)𝑇
(( )
′ 𝑇
∈ ℂ1×𝑁 𝐾 .
𝑣𝑒𝑐 h𝑟𝑢 , ∀𝑟′ ∈ 𝒱𝑢′ , 𝑢′ ∕= 𝑢
From (3), we rewrite the mutual information expression as,
⎛
⎞

⎜
Γ𝑢 = log2 ⎝1 +

∑

∣h𝑢 w𝑢 ∣

𝑢′ ∈𝒰 ,𝑢′ ∕=𝑢

2

2

∣h𝑢,𝑢′ w𝑢′ ∣ + 𝜎

⎟
⎠ , ∀𝑢 ∈ 𝒰.
2

(22)
Now, by substituting the imperfect CSIT expression from (1)
into (22) and performing some algebraic manipulations, it can
be shown that constraint (21b) is equivalent to
]
[
†
Pr 𝐽𝑢 K𝑢 (𝐽𝑢 ) + 2Re {𝐽𝑢 𝑌𝑢 } ≥ 𝛽𝑢 ≥ 1 − 𝜌𝑢 , ∀𝑢 ∈ 𝒰 ,
(23)
where
⎛
⎞
∑
(24a)
w𝑢′ w𝑢† ′ ⎠ ,
K𝑢 = 𝜖𝑢 ⎝w𝑢 w𝑢† − 𝛾˜𝑢
⎛

𝑢′ ∈𝒰 ,𝑢′ ∕=𝑢

√
𝑌𝑢 = 𝜖𝑢 ⎝w𝑢 w𝑢† h̃†𝑢 − 𝛾˜𝑢
(2
(
(
(
𝛽𝑢 = 𝜎 2 − (h̃𝑢 w𝑢 ( − 𝛾˜𝑢

and

𝛾˜𝑢 = 2𝑅𝑢 − 1,

∑

𝑢′ ∈𝒰 ,𝑢′ ∕=𝑢

∑

𝑢′ ∈𝒰 ,𝑢′ ∕=𝑢

⎞

w𝑢′ w𝑢† ′ h̃†𝑢,𝑢′ ⎠ ,

(
(2
(
(
(h̃𝑢,𝑢′ w𝑢′ ( ,

(24b)
(24c)

)𝑇
(
𝑇
𝐽𝑢 = 𝑣𝑒𝑐 (v𝑢𝑟 ) , 𝑟 ∈ 𝒱𝑢 . (25)

The probability inequality in (23) contains a quadratic form
of complex Gaussian random variables. We will now derive a
closed-form approximation of (23) based on a Bernstein-type
inequality using the following lemma.

The inequality in (26) bounds the probability that the
quadratic form 𝐶 of complex Gaussian random variables
deviates from its mean Tr(K). Based on Lemma 2 and by
setting 𝛿𝑢 = − ln (𝜌𝑢 ), we can obtain a conservative form of
the conditional probability constraint in (23) as follows,
√ √
2
2
+
Tr (K𝑢 )− 2𝛿𝑢 ∥K𝑢 ∥𝐹 + 2∥𝑌𝑢 ∥ −𝛿𝑢 (𝜆max (−K𝑢 )) ≥ 𝛽𝑢 .
(27)
In other words, (27) is a sufficient condition for the conditional
probability constraint in (23).
Given the closed-form approximation in (27), and by introducing the slack variables 𝜉𝑢 , 𝜙𝑢 ∈ ℝ, we have the
conservative formulation of the QCB problem (21) as follows,
min

∑

w𝑢 ,˜
𝛾𝑢 ,𝜉𝑢 ,𝜙𝑢
𝑢∈𝒰
𝑢∈𝒰

∑
(
)
2
𝑄𝑢 𝑒−𝛿𝑢 − 1 log2 (1 + 𝛾˜𝑢 ) + 𝑉
∥w𝑢 ∥2
𝑢∈𝒰

(28a)

√
s.t. Tr (K𝑢 ) − 2𝛿𝑢 𝜉𝑢 − 𝛿𝑢 𝜙𝑢 ≥ 𝛽𝑢 , ∀𝑢 ∈ 𝒰 ,
√
2
2
∥K𝑢 ∥𝐹 + 2∥𝑌𝑢 ∥ ≤ 𝜉𝑢 , ∀𝑢 ∈ 𝒰 ,

(28b)
(28c)
(28d)
(28e)

𝜙𝑢 I𝑁 𝐾×𝑁 𝐾 + K𝑢 ર 0, ∀𝑢 ∈ 𝒰 ,
𝜙𝑢 ≥ 0, 𝛿𝑢 ≥ 0, ∀𝑢 ∈ 𝒰 .

The problem in (28) is still non-convex since K𝑢 , 𝑌𝑢 , and
𝛽𝑢 are indefinite quadratic w.r.t. {w𝑢 }. In order to convexify
it, we use the SDR technique in [24]. Let us define W𝑢 =
†
w𝑢 (w𝑢 ) . We can verify that W𝑢 ર 0 and rank (W𝑢 ) = 1.
By temporarily removing the rank-one constraint on W𝑢 , we
have the equivalent SDR form of (28) as follows,
∑
∑
(
)
𝑄𝑢 𝑒−𝛿𝑢 − 1 log2 (1 + 𝛾˜𝑢 ) + 𝑉
Tr (W𝑢 )
min

W𝑢 ,˜
𝛾𝑢 ,𝜉𝑢 ,𝜙𝑢
𝑢∈𝒰
𝑢∈𝒰

𝑢∈𝒰

(29a)
√
s.t. Tr (K𝑢 (W)) − 2𝛿𝑢 𝜉𝑢 − 𝛿𝑢 𝜙𝑢 ≥ 𝛽𝑢 (W), ∀𝑢 ∈ 𝒰 ,
(29b)
√
2
2
∥K𝑢 (W)∥𝐹 + 2∥𝑌𝑢 (W)∥ ≤ 𝜉𝑢 , ∀𝑢 ∈ 𝒰 ,
(29c)
𝜙𝑢 I𝑁 𝐾×𝑁 𝐾 + K𝑢 (W) ર 0, ∀𝑢 ∈ 𝒰,
𝜙𝑢 ≥ 0, 𝛿𝑢 ≥ 0, W𝑢 ર 0, ∀𝑢 ∈ 𝒰 ,
Δ

(29d)
(29e)

where W = {W𝑢 : ∀𝑢 ∈ 𝒰}, K𝑢 (W), 𝑌𝑢 (W), and 𝛽𝑢 (W)
†
are obtained by substituting w𝑢 (w𝑢 ) by W𝑢 into (24a),
(24b), and (24c), respectively.
Lemma 2. (Bernstein-Type Inequality [23]): Let 𝐶 =
Note that the objective function in (29a), the second-order
†
𝑁 𝐾×𝑁 𝐾
is a complex
𝐽K𝐽 + 2Re {𝐽𝑌 }, where K ∈ ℍ
cone constraint in (29c), the positive semidefinite constraint
𝑁 𝐾×1
, and 𝐽 ∼ 𝒞𝒩 (0, I𝑁 𝐾×𝑁 𝐾 ).
Hermitian matrix, 𝑌 ∈ ℂ
in (29d), and the linear constraints in (29e) are all convex
Then, for any 𝛿 > 0, we have,
w.r.t. {W𝑢 , 𝛾˜𝑢 , 𝜉𝑢 , 𝜙𝑢 }. Furthermore, the constraint in (29b) is
]
[
√ √
equivalent
to 𝑓𝑢 (W𝑢 , 𝛾˜𝑢 , 𝜉𝑢 , 𝜙𝑢 ) = 𝛽𝑢 (W)−Tr (K𝑢 (W))+
2
2
+
√
Pr 𝐶 ≥ Tr (K) − 2𝛿 ∥K∥𝐹 + 2∥𝑌 ∥ − 𝛿(𝜆max (−K))
2𝛿𝑢 𝜉𝑢 + 𝛿𝑢 𝜙𝑢 ≤ 0, ∀𝑢 ∈ 𝒰 . It can be verified that the
≥ 1 − 𝑒−𝛿 , Hessian matrix of 𝑓𝑢 (W𝑢 , 𝛾˜𝑢 , 𝜉𝑢 , 𝜙𝑢 ) is positive semidefinite,
(26) thus it is a convex function. In summary, (29) is a convex
optimization problem.
˜ = [˜
where 𝜆max (−K) denotes the maximum eigenvalue of matrix
𝛾𝑈 ]. In the following, we proLet us define 𝜸
𝛾1 , 𝛾˜2 , ...˜
−K and ∥⋅∥𝐹 represents the matrix Frobenius norm.
pose an iterative SemiDefinite Programming (SDP) algorithm
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𝑢∈𝒰

𝑢∈𝒰

(30)
˜ . We
where W𝑢∗ is the optimal solution of (29) given a fixed 𝜸
summarize the iterative SDP algorithm in Algorithm 1 below.
Algorithm 1 Iterative SDP Algorithm
˜ (0) =
(1) Initialization: Set 𝑛 := 0, and set 𝜸
𝛾𝑈 (0)] > 0.
[˜
𝛾1 (0) , 𝛾˜2 (0) , ...˜
˜ (𝑛), solve the following SDP problem using
(2) Given 𝜸
interior-point method [26] to obtain the optimal solution
{W𝑢∗ (𝑛) , 𝜉𝑢∗ (𝑛) , 𝜙∗𝑢 (𝑛)}.
∑
Tr (W𝑢 )
(31a)
min
W𝑢 ,𝜉𝑢 ,𝜙𝑢
𝑢∈𝒰
𝑢∈𝒰

s.t. (29b), (29c), (29d), (29e).

(31b)

˜ (𝑛 + 1) following the subgradient method
(3) Calculate 𝜸
as follows,
˜ (𝑛 + 1) = 𝜸
˜ (𝑛) − 𝛼𝑛 g (𝑛) ,
𝜸

(32)

𝜸)
where g (𝑛) = [𝑔1 (𝑛) , ...𝑔𝑈 (𝑛)] is a subgradient of Λ (˜
˜ (𝑛) and 𝛼𝑛 > 0 is the 𝑛th step size satisfying
at 𝜸
lim 𝛼𝑛 = 0,

𝑛→∞

∞
∑

𝑛=1

𝛼𝑛 = ∞.

(33)

(4) Termination: Set 𝑛 := 𝑛 + 1 and repeat Step (2) and (3)
until convergence.
If we obtain W𝑢∗ of rank one, it can be decomposed as
†
W𝑢∗ = w𝑢∗ (w𝑢∗ ) and thus w𝑢∗ is the optimal solution of (28).
Otherwise, we can apply standard rank-reduction techniques
such as the Gaussian Randomization Procedure [24] to obtain
a rank-one approximation of W𝑢∗ .
In Algorithm 1, the optimal solution W𝑢∗ minimizes the
objective function of (29) in each iteration. The optimal-value
function Λ (˜
𝜸 ) is the point-wise minimum of the objective
function of (29), thus it is a convex function w.r.t. 𝛾˜ [26].
Therefore, by using the diminishing step size 𝛼𝑛 as in (33), the
iterative algorithm will converge to an optimal solution [25].
The overall complexity of our QuaRo strategy comes from
the optimization of the the per-slot QCB problem, which is
solved by Algorithm 1. In can be seen that the complexity of
this algorithm mainly comes from solving the SDP problem
in (31), which is polynomial in problem size and number of
constraints [26], i.e., polynomial w.r.t 𝑈 , 𝑅, and 𝑁 .
V. P ERFORMANCE E VALUATION
In this section, simulation results are presented to illustrate
the performance gain of our proposed QuaRo strategy. We consider a C-RAN system consisting of 16 wrap-around hexago-

0.5
QuaRo
CSI-A
WSRM-I
WSRM-II

0.4
Outage Probability

to solve problem (29). At each iteration, we temporarily fix
˜ and solve an SDP problem to obtain the optimal
the value of 𝜸
˜ is updated in the next
values W𝑢∗ , 𝜉𝑢∗ and 𝜙∗𝑢 . The value of 𝜸
iteration using the subgradient method in [25]. In particular,
˜ , we define the optimal-value function Λ (˜
for a given 𝜸
𝜸 ) as,
∑
∑
( −𝛿𝑢
)
𝑄𝑢 𝑒
− 1 log2 (1 + 𝛾˜𝑢 ) + 𝑉
Tr (W𝑢∗ ),
Λ (˜
𝜸) =

0.3
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Fig. 2. Outage probability versus CSIR error variance with scheduled rate
𝑅𝑢 = 1 bit/s/Hz, ∀𝑢.

nal cells with 1 Km inter-cell spacing. Each RRH is placed
in the center of a cell and is equipped with 𝑁 = 4 antennae.
The wireless channels in the system are assumed to be quasistatic such that the channel coefficients stay constant during
each scheduling slot but vary independently from one slot to
another. The channel coefficients are calculated following the
path-loss model, given as 𝐿[dB] = 15.1 + 37.5 log10 (𝑑[m]),
with the fading coefficient distributed as 𝒞𝒩 (0, 1).
We use Poisson packet arrival with average rate
𝜆𝑢 [packets/slot] and deterministic packet size 𝑁𝑢 =
10 Kbits, ∀𝑢. The duration of each scheduling slot is 𝜏 =
5 ms. The noise spectral density is −100 dBm/Hz and the
channel bandwidth is 𝐵 = 10 MHz, which is reused across all
the users. For each simulation, we perform 300 drops in which
32 single-antenna users are placed randomly in the network.
The performance of our QuaRo strategy is compared with
that of a CSI-Adaptive (CSI-A) and two popular weighted sumrate maximization (WSRM) schemes, as described below.
∙ CSI-A: This scheme is a derivation of QuaRo strategy, but is only adaptive to the CSI. Specifically, we
substitute
function in problem
)
) (29) by
∑ (( −𝛿𝑢the objective
𝑒
− 1 log2 (1 + 𝛾˜𝑢 ) + 𝑉 Tr (W𝑢 ) , where 𝑉
𝑢∈𝒰

controls the tradeoff between the total transmit power and
the sum output rates.
∙ WSRM-I: A downlink joint clustering and beamforming
scheme proposed in [22], where the clustering algorithm
is the same as of QuaRo and the clustered virtual SINR
(CVSINR) algorithm is for beamforming design.
∙ WSRM-II: A greedy clustering algorithm proposed
in [27], which solves an equivalent set covering problem
to select the set of non-overlapping base station clusters.
This scheme uses Zero-Forcing (ZF) beamforming.
Both WSRM-I and WSRM-II aim at maximizing the downlink
weighted sum-rate where the weight of each flow is inverse
proportional to the long-term average throughput.
Outage performance: In Fig. 2, we compare the average
outage probabilities of the four competing schemes at different
values of the CSIT error variance 𝜖 when the scheduled rates
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Fig. 3. Average per-user delay versus average per-RRH transmit power with
𝜖 = 0.1, 𝜌𝑢 = 0.1 and 𝜆𝑢 = 5 packets/slot, ∀𝑢.

is 𝑅𝑢 = 1 bit/s/Hz, ∀𝑢. For each value of 𝜖, we control
the average total transmit power of the four schemes to be
the same, but vary it so as to maintain the target outage
probability 𝜌𝑢 = 0.1, ∀𝑢, 𝜖 for QuaRo scheme. We observe
that, when spending the same average transmit power and
scheduling the same output rate, the three baseline schemes
always have higher outage probabilities than that of our QuaRo
scheme, especially when 𝜖 is small. When 𝜖 increases, the
outage performance of all schemes get closer. In fact, it is not
practical to operate a system with large channel estimation
error since we have to spend a very high amount of transmit
power to maintain a low outage probability.
Delay-power trade-off: In Fig. 3, we plot the tradeoff between average per-user delay and average per-RRH transmit
power. The average delays of all the schemes decrease as
the average transmit power increases. In QuaRo and CSIA schemes, each point on the delay-power trade-off curve
corresponds to a different value of the control parameter 𝑉 . It
can be seen that our proposed QuaRo strategy achieves the best
trade-off performance and that the gains—which come from
the QSI-aware clustering and beamforming control—become
more significant in high SNR regimes.
Transmit power versus arrival rate: The total average
transmit power at the RRHs is illustrated in Fig. 4 versus
different average data arrival rates. We observe that the power
costs of the baseline schemes are always higher than that
of QuaRo scheme. These gaps are more significant at large
values of average data-arrival rates.
Impact of cluster size: In Figs. 5(a-b), we evaluate the impact of cluster size 𝐾 (number of RRHs on each cluster)
on the performance of our proposed QuaRo strategy. We
consider two user distribution scenarios where 32 users are
placed randomly in 16 cells: (a) Uniform—each cell has 2
users, and (b) Non-uniform—we randomly choose 8 heavy
(loaded) cells, each having 3 users and 8 light cells, each
having 1 user. The average per-RRH transmission power is
plotted versus different cluster sizes with 95% confidence
interval so to obtain statistical relevance of the results. It can
be seen that the performance of QuaRo is improved when
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Fig. 4. Average per-RRH transmit power versus average data arrival rate with
𝜖 = 0.1, 𝜌𝑢 = 0.1, ∀𝑢 and average per-user delay being 20 packets.
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(b) Cluster Size (Number of RRHs)

Fig. 5. Average Per-RRH Transmit Power versus Cluster Size with 𝜖 = 0.1,
𝜌𝑢 = 0.1, ∀𝑢 and average per-user delay being 20 packets; (a) Uniform user
distribution and (b) Non-uniform user distribution.

the cluster sizes are increased, in the sense that it requires
lower total average transmit power at the RRHs to maintain
the same average per-user delay, for the same values of 𝜖, 𝜌𝑢 .
The improvement is more significant in the non-uniform user
distributed scenario where the users in heavy cells benefit
more from RRH cooperation. In both cases, we observe in
our simulations that the the gains are negligible when 𝐾 ≥ 6.
VI. C ONCLUSIONS
We have presented a queue-aware robust coordinated downlink transmission control policy for C-RANs. Our proposed
QuaRo strategy optimizes the time-average power-delay tradeoff by performing user-centric clustering and coordinated
beamforming in each scheduling slot. Both Queue State Information (QSI) and imperfect Channel State Information at
the Transmitter (CSIT) are taken into account in the algorithm
design of QuaRo. Simulation results have demonstrated the
significant performance gains and robustness of our proposed
control policy over traditional approaches.
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Future Works: It is worth investigating the channel estimation overhead and error variance associated with different
cluster sizes in our scheme. We also plan to evaluate the realworld performance and feasibility of QuaRo strategy in our
existing small-scale C-RAN testbed. In particular, we have
implemented a testbed using an open-source LTE platform
running on a general-purpose desktop server, connected to a
set of RRHs implemented on USRP B210s.
A PPENDIX A
The Lyapunov drift expression in (12) is rewritten as,
Δ (Q (𝑡)) = 𝔼

[

Ω

∑(

𝑄2𝑢

𝑢∈𝒰

(𝑡 + 1) −

𝑄2𝑢

%
]
)%%
(𝑡) % Q (𝑡) .
%

(34)

both sides of (5) and following the fact that
)2
(By squaring
+
2
[𝑥]
≤ 𝑥 , we get
𝑄2𝑢 (𝑡 + 1) ≤ [𝑄𝑢 (𝑡) − 𝐵𝜏 𝐺𝑢 (𝑡)]2 + 𝐴2𝑢 (𝑡) 𝜏 2

+2𝐴𝑢 (𝑡) 𝜏 [𝑄𝑢 (𝑡) − 𝐵𝜏 𝐺𝑢 (𝑡)]+ .

(35)

+

Since [𝑄𝑢 (𝑡) − 𝐵𝜏 𝐺𝑢 (𝑡)] ≤ 𝑄𝑢 (𝑡), (35) leads to

𝑄2𝑢 (𝑡 + 1) − 𝑄2𝑢 (𝑡) ≤𝐵 2 𝜏 2 𝐺2𝑢 (𝑡) + 𝐴2𝑢 (𝑡) 𝜏 2
− 2𝑄𝑢 (𝑡) (𝐵𝜏 𝐺𝑢 (𝑡) − 𝐴𝑢 (𝑡) 𝜏 ) .

(36)

By summing over all 𝑢’s and taking conditional expectation
on both sides of (36), we obtain
Δ (Q (𝑡)) ≤

∑

𝑢∈𝒰

%
]
[
𝔼 𝐵 2 𝜏 2 𝐺2𝑢 (𝑡) + 𝐴2𝑢 (𝑡) 𝜏 2 % Q (𝑡)

−2

∑

𝑢∈𝒰
2( 2

(𝔼 [ 𝑄𝑢 (𝑡) 𝐵𝜏 𝐺𝑢 (𝑡)∣ Q (𝑡)] − 𝜆𝑢 (𝑡) 𝜏 )

)
𝐵 𝐺2max + 𝐴2max
∑
(𝔼 [ 𝑄𝑢 (𝑡) 𝐵𝜏 𝐺𝑢 (𝑡)∣ Q (𝑡)] − 𝜆𝑢 (𝑡) 𝜏 ). (37)
−2

≤ 𝑈𝜏

𝑢∈𝒰

(
)
By letting Φ = 𝑈 𝜏 2 𝐵 2 𝐺2max + 𝐴2max and adding the same
value to both side of the inequality in (37), we get
Δ (Q (𝑡)) + 𝑉 𝔼 [𝑃 (𝑡) ∣Q (𝑡) ] ≤ Φ + 2𝜏
[

−𝔼 2𝜏 𝐵

∑

𝑢∈𝒰

∑

𝑢∈𝒰

𝜆𝑢 (𝑡)
]

𝑄𝑢 (𝑡) 𝐺𝑢 (𝑡) −𝑉 𝑃 (𝑡)∣ Q (𝑡) .

(38)

With this position, we can follow the Energy-Efficient Control
Algorithm (EECA) in [16], which is designed to maximize
the second term on the Right Hand Side (RHS) of (38). It is
shown that EECA guarantees queue stability while achieving
[𝒪 (1/𝑉 ) , 𝒪 (𝑉 )] power-delay tradeoff [16]. Furthermore, by
absorbing 2𝜏 𝐵 into the control parameter 𝑉 , we arrive at the
exact form of (17). Lemma 1 is thus proved.
R EFERENCES
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