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Downlink Power Control for Multi-User
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Abstract—We investigate the problem of downlink power con-
trol for streaming multiple variable bit rate (VBR) videos in a
multicell wireless network, where downlink capacities are limited
by inter-cell interference. We adopt a deterministic model for
VBR video traffic that considers video frame sizes and playout
buffers at the mobile users. The problem is to find the optimal
transmit powers for the base stations, such that VBR video data
can be delivered to mobile users without causing playout buffer
underflow or overflow. We formulate a nonlinear nonconvex
optimization problem and prove the condition for the existence of
feasible solutions. A centralized branch-and-bound algorithm is
then developed, which incorporates the Reformulation-Lineariza-
tion Technique and can produce -optimal solutions. We
also propose a low-complexity distributed algorithm with fast con-
vergence as an alternative to the centralized algorithm. Through
simulations with VBR video traces under fading channels, we find
the distributed algorithm can achieve a performance very close to
that of the centralized algorithm.

Index Terms—Cross-layer optimization, downlink power con-
trol, variable-bit-rate video, video streaming.

I. INTRODUCTION

A. Motivation

W ITH the dramatic advances in wireless networking tech-
nology and wireless communication devices, there is

an exponentially increasing demand for wireless video service.
This trend is driven by the compelling need for ubiquitous ac-
cess to video content over wireless access networks, and will
significantly stress the capacity of existing wireless networks
and strongly influence the design of future wireless networks.
Tremendous effort is needed in wireless video research to meet
this demand. Researchers have explored new wireless technolo-
gies to enable high quality video services. For example, video
transmission over cognitive radio networks is an emerging area
in video communications, where secondary users sense licensed
channels and aim to exploit the transmission opportunities in the
spectrum holes [2], [3].
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While it is important to develop new wireless architectures
and technologies for higher spectral efficiency, it is equally im-
portant to investigate how to support video in existing wire-
less networks, since the infrastructure will still last for a con-
siderable period of time. In this paper, we consider multi-user
video streaming over a multicell wireless network, a wireless
network architecture widely deployed all over the world. We
consider the typical case of downlink video transmissions. For
the multicell system, generally intra-cell interference can be ef-
fectively controlled with precise synchronization or the use of
guard times. The capacities of the downlinks are mainly limited
by the inter-cell interference due to simultaneous base station
(BS) transmissions using the same channel. With power con-
trol, the Signal to Interference plus Noise Ratio (SINR) of the
interfering downlinks can be tuned to combat fading channels
and to accommodate video traffic variations. Therefore, effec-
tive downlink power control is necessary to support concurrent
wireless videos.
We consider the problem of streaming multi-user variable-

bit-rate (VBR) videos in the multicell wireless network. This
is motivated by the superior perceived quality of VBR videos
over constant-bit-rate (CBR) videos. VBR video has stable vi-
sual quality for the frames, but at the cost of large variations in
the bit rate, while CBR video maintains a stable bit rate, but the
frames have large variations in visual quality. We aim to inves-
tigate how to provide ubiquitous access to stored VBR videos
through existing cellular networks.
It is a challenging problem to support VBR video traffic,

which exhibits both strong long-range and short-range depen-
dence. Stochastic models have been developed to capture the
burstiness in VBR video traffic. In [4], [5], the authors observed
the long-range-dependence in VBR video traffic and modeled
the autocorrelation with self-similar processes. The stochastic
models can be incorporated inQoSmechanisms forVBRvideos,
and for traffic synthesizing in simulations [6]. Traffic models for
MPEG-4 and H.264 are investigated in [7]–[9]. In particular,
[7] studied the autocorrelation function (ACF) of frame sizes
in MPEG-4 and H.264 VBR video traces. The authors showed
that MEPEG-4 and H.264 VBR traces exhibit complex statistic
characters, including both long-range dependent and short-range
dependent properties. Ref. [8] demonstrated nonstationary
statistics of MPEG2 and MPEG4 VBR traffic and developed
a bandwidth prediction scheme based on Kalman filter. Ref.
[9] provided a survey of VBR traffic models. It was shown that
different videos may have quit different characteristics and
marginal distributions of frame sizes. Thus it is difficult to find
a common statistic model for various VBR videos.
Since it is nontrivial to develop parsimonious traffic models

that can accurately capture the auto-correlation structure, and
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the large frame size variations may cause frequent playout
buffer underflow or overflow, we address this issue by a deter-
ministic traffic model for stored VBR video, which considers
frame size, frame rate, and playout buffers [10]–[13]. Unlike
prior work that is focused on a single video session over a
given CBR or VBR channel, we exploit power control, a
unique capability in wireless networks, to adjust the downlink
capacities based on prior knowledge of frame sizes and playout
schedules. Usually large frames are rarely transmitted simulta-
neously. Jointly optimizing the BS transmit powers is, to some
extend, analogous to statistically multiplexing VBR videos in
the downlink of the cellular network.

B. Related Work

Due to the difficulty in general statistical models for VBR
videos, the deterministic model is used to provide a common
way to characterize VBR videos, where the varying frame sizes
can be represented by the cumulative curves and the frame size
variation can be accurately captured. A deterministic model for
MPEG4 based neural networks was introduced in [14]. With
this approach, the piecewise-constant-rate transmission and
transport (PCRTT) method was used, aiming to optimize one
or more objectives while preserving continuous video playout.
In [10], the authors proposed bandwidth allocation schemes
for dynamically sharing a CBR channel among multiple VBR
video streams. In [11], Salehi et al. considered smoothing VBR
video over a CBR link and developed an effective algorithm to
achieve the greatest rate smoothness. In [15], McManus and
Ross introduced a dynamic programming framework to set
PCRTT rates and intervals to optimize different objective func-
tions. These techniques do not directly apply to our problem of
VBR over multicell wireless networks, due to the fundamental
difference between wireless channels and wired CBR links.
In several recent papers [13], [16]–[18], the authors studied

the problem of transmitting one VBR video over wireless net-
works. In [16], it was shown that the separation between a delay
jitter buffer and a decoder buffer is in general suboptimal, and
several critical parameters are derived for the system. In [13],
the authors studied the frequency of jitters under both network
and video system constraint and provided a framework for quan-
tifying the trade-offs among several system parameters. Refs.
[17], [18] investigated effective admission control schemes for
VBR videos over wireless networks in terms of bandwidth and
QoS requirements.
Power control is an important mechanism for interference-

limited wireless networks. Most prior work focused on maxi-
mizing network utility in the forms of SINR or bit rate [19]–[23].
In [19], the authors presented centralized and distributed power
control algorithms for achieving target SINRs. In [20], Chiang
studied the problem of joint power control and congestion con-
trol, aiming to maximize the throughput of TCP-Vegas over an
ad hoc network. Gjendemsj et al. [21] presented centralized bi-
nary power control algorithms for maximizing the sum rate over
multiple interfering links. In [22], the feasibility of distributed
target-SIR-tracking power control algorithm was studied and a
gradual soft removal method to was proposed to achieve min-
imum outage. Ref. [23] jointly optimized admission control and
power control in cognitive networks. Although laid out the the-
oretical foundation and developed effective algorithms, these

techniques cannot be directly applied for VBR video over mul-
ticell wireless networks with buffer and delay constraints.

C. Approach

In this paper, we first present a formulation of multi-user
VBR streaming in cellular networks that considers downlink
power control, inter-cell interference, VBR video character-
istics, and playout buffer requirements. The objective is to
achieve high playout buffer utilization, under playout buffer
underflow and overflow constraints and peak power constraint.
This is a nonlinear nonconvex problem to which traditional
convex optimization techniques [20] and low- or high-SINR
approximations [20], [21] cannot be directly applied.
We then derive the condition of the existence of feasible

power assignments, which can achieve downlink capacities
to guarantee no buffer underflow and overflow. We develop a
centralized algorithm that can produce solutions with bounded
optimality gap. Specifically, we use the Linearization-Refor-
mulation Technique (RLT) to obtain a linear programming (LP)
relaxation of the original problem. Solving this LP relaxation
yields a lower bound to the original problem. Interestingly,
since the constraints are preserved in the relaxation procedure,
the lower-bounding solution is also feasible to the original
problem; the corresponding objective value with this solution
provides a lower bound to the global optimum. The LP relax-
ation is then incorporated into the branch-and-bound framework
to obtain a centralized algorithm, which can produce a solution
within the (1- ) range of the global optimal.
To simplify computation and control, we develop a dis-

tributed algorithm based on distributed constrained power
control (DCPC) [19], where each BS iteratively updates
transmit power based on feedback of measured SINR at the
target receiver. It is shown that with DCPC, the power vector
converges to a unique power vector that can achieve the goal
of maximizing playout buffer utilization and avoiding playout
buffer underflow and overflow. We evaluate the proposed
algorithms with simulations using VBR video traces [24] and
fading channels. The distributed algorithm is shown to achieve
a performance very close to that of the centralized algorithm.
Both algorithms are demonstrated to be highly effective for
streaming VBR videos over multicell wireless networks.
In the remainder of this paper, we present the problem for-

mulation in Section II. We describe the centralized algorithm in
Section III and the distributed algorithm in Section IV. Simu-
lation results are presented in Section V and related work dis-
cussed in Section I-B. Section VI concludes this paper.

II. PROBLEM STATEMENT

A. Network and Video System Model

We consider the downlinks of an -cell wireless network.
In each cell, a BS streams video to mobile users in the cell,
each allocated with a downlink channel. A channel is a spec-
tral resource slot, the nature of which depends on the specific
multiple access technique adopted for the multicell network.
Without loss of generality, we assume that the downlink chan-
nels within a cell are orthogonal (e.g., due to perfect synchro-
nization of spreading codes or use of guard times). The main
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Fig. 1. Feasible and infeasible transmission schedules for video session .

interference at a user stems from the concurrent downlink trans-
missions in neighboring cells that use the same channel. There
is a need for the BS’s to adopt power control to mitigate such
inter-cell interference.
We consider the problem of streamingmulti-user VBR videos

in the multicell network. We assume the wired segment of a
video session path is reliable with sufficient bandwidth, while
the last-hopwireless link is the bottleneck of the end-to-end path
[25]. Thus the corresponding video data is always available at
the BS before the scheduled transmission time.
As discussed, it is non-trivial to accurately model VBR video

traffic, which exhibits both strong asymptotic self-similarity and
short-range correlation [4]. To this end, we adopt a deterministic
model that considers frame sizes and playout buffers [11]. Let

be the cumulative consumption curve of user , rep-
resenting the cumulative amount of bits consumed by the de-
coder at time . The cumulative consumption curve is deter-
mined by video characteristics such as frame sizes and rates,
and playout schedule. Assume user ’s playout buffer is
bits and its video has frames. We can derive a cumulative
overflow curve for user as

(1)

is the maximum number of cumulative received bits at
time without overflowing user ’s playout buffer. Finally, we
define cumulative transmission curve as the cumulative
amount of bits transmitted to user at time . To simplify no-
tation, we assume the video sessions have identical frame rate
and the frame intervals are synchronized. Thus a time slot is
equal to the -th frame interval, denoted as , for

.1

Since , and are cumulative curves, they
are all nondecreasing functions, as illustrated in Fig. 1. A fea-
sible transmission schedule will produce a cumulative trans-
mission curve that lies within and , i.e.,
causing neither underflow nor overflow at the playout buffer. In
practice, ’s are known for stored videos and are delivered
to the BS’s (or a centralized video scheduler that manages the

1This assumption can be relaxed for more general cases. The time slot dura-
tion could be arbitrary as in [26] (i.e., equal to multiple frame intervals).

transmission of multiple BS’s) during the session setup phase,
and the ’s are then derived as given in (1).

B. Problem Formation

For the multicell wireless video network, consider a
specific channel and let denote the
set of users sharing the channel, where user is lo-
cated in cell .2 Let the BS transmit power vector be

in time slot . The ca-
pacity of the downlink from BS to user , denoted as

, depends on the SINR at user , which can be written as

(2)

where is the path gain from BS to user and is the
noise power at . We assume slow block fading channels such
that the path gains do not change within each time slot [26],
but vary over different time slots following a certain distribu-
tion. The downlink capacity also depends on the channel
bandwidth and the transceiver design, such as modulation
and channel coding.Without loss of generality, we use the upper
bound as predicted by the Shannon capacity.

(3)

The impact of fading channels is incorporated in the SINR in (3).
For practical systems, the achievable capacity may be a fraction
of , but this part is omitted for brevity.
Once the link capacity is determined, video bits will

be delivered to user in that time slot. The cumulative trans-
mission curve can be written as

(4)

Assume peak power constraint , for all . The
problem is to determine the transmit power vector , for

, such that the resulting cumulative trans-
mission curves satisfy

(5)

i.e., without causing playout buffer underflow or overflow.
Since the video frames have variable sizes and the video ses-
sions have random phases, large frames from different sessions
are less likely to occur in the same time slot. Power control
for the downlinks is, in some sense, analogous to exploiting
statistical multiplexing gain for VBR video flows.
From (3)–(5), the feasible SINR range at user is

(6)

In (6), the lower bound is the SINR that just empties the buffer
without causing underflow. The upper bound is the SINR that
just fills up the buffer without causing overflow.
Generally, the feasible transmit power vector is not

unique for a given set of VBR video sessions. Among the set of
feasible solutions, a schedule that transmits more data is more
desirable since it provides a larger search space for optimizing

20–1 index variables can be used to model the case where no user uses the
channel in some cells, but are omitted for brevity.
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Fig. 2. Illustration the feasible solution spaces with different starting points.

transmit power vectors for future time slots. The main idea is to
exploit playout buffers as an effective means to combat fading
channels. When the channel is good, the scheme attempts to
transmit as much data as possible; when the channel is bad,
the video bits stored in the buffer can sustain the playout for
some time, thus reducing the buffer underflow rate. The more
data transmitted, the bigger the chance to overcome a future
underflow event when the channel is bad. This motivation will
be verified by the simulation results presented in Section V.
The main idea is illustrated in Fig. 2. The amount of feasible

solutions (or, the search space for the optimal solution), depends
on the starting point of the transmission scheme in the current
time slot (i.e., the buffer occupancy at the beginning of the time
slot). Assume that the maximum available power allows a max-
imum transmission rate as the slope of green line segment A-B
in time slot . If the buffer is full at the beginning of time slot
, the starting point for the transmission schedule is point A.
The feasible region for this time slot, under the current power
constraint, is in the range between lines A-B and A-D. Alterna-
tively, if the buffer is almost empty at the beginning of time slot
, the starting point of the transmission schedule will be point
C. For the given power constraint, the feasible region is in the
rage between lines C-D and C-E (note that C-E is parallel to
A-B, indicating the same maximum power constraint). Clearly,
the feasible region of the latter is much smaller. In the case of
starting from point C, if in time slot there is a deep channel
fading, a very large power may be required to achieve the rate
indicated by C-D. If this required power is larger than the power
constraint, there will be buffer underflow in this time slot. In the
case of starting from point A, for the same deep fading channel,
a much smaller power can be used to achieve the minimum rate
given by A-D, and buffer underflow can be avoided.
Omitting constant , we formulate the optimal power con-

trol problem for VBR videos, termed Problem OPT-VBR.

(7)

(8)

(9)

(10)

where is the upper bound in (6) and is the
larger one between the lower bound in (6) and , a minimum
SINR requirement imposed by the transceiver design.

In Problem OPT-VBR, the optimization variable are the
powers . The amount of video data delivered in time slot
is maximized, under playout buffer underflow and overflow
constraints and peak transmit power constraints. This is a
nonlinear nonconvex problem, to which traditional convex
optimization techniques do not directly apply. Furthermore, to
achieve the objective of avoiding playout buffer underflow and
overflow, the SINRs may assume values ranging from very low
to very high. Thus the existing high SINR approximation [20]
and low SINR approximation [21] techniques cannot be used.
In the following, we first investigate the existence of feasible
solutions. We then derive effective centralized and distributed
algorithms to solve Problem OPT-VBR in Sections Sections III
and IV.

C. Existence of Feasible Solutions

Due to the wide range of VBR video frame sizes, the cor-
responding SINR requirements also assume a wide range of
values. Under conditions where many video sessions coinci-
dently transmit their large frames in the same time slot, Problem
OPT-VBR may not have a feasible power assignment to deliver
all the frames. In this section, we derive the conditions for the
existence of feasible power assignments. We assume a central-
ized scheduler in the multicell network, which has prior knowl-
edge of all the channel gains and the cumulative consumption
and overflow curves.
We define the minimum required rate for user in time slot
, denoted as , as the bit rate such that the playout buffer
is just emptied, but without underflow, at the end of time slot .
We have the following result for .
Lemma 1: The largest value for the minimum required rate

is .
Proof: According to the definition of in (4), we

have . From the definition
of , the playout buffer is emptied at the end of time slot
, i.e., . Therefore, we can derive the minimum
required rate as

(11)

From the feasibility condition (5), we have
. Substituting it into (11), we have

(12)

Rate occurs when the playout buffer is empty at both
the beginning and end of time slot , but without buffer overflow
during the entire time slot.
We have the following condition for the existence of a fea-

sible power assignment for Problem OPT-VBR.
Theorem 1: There exits a feasible power assignment for

Problem OPT-VBR for time slot , if there exits a feasible
power assignment that can achieve the rate vector ,

, , .
Proof: Recall that is the SINR corresponding to the

minimum required rate . Let be the SINR cor-
responding to . Since (3) is a monotonically increasing
function, we have .
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We now consider the power assignment that achieves rates
, or, the corresponding SINRs . From (8) and

(9), the minimum SINR constraint is

(13)

Equation (13) is a system of linear equations of the power vector
, which can be written in the matrix form as

(14)

where is the identity matrix, is an matrix with

, (15)

is a diagonal
matrix, and .
Define and

. Assume is a power assignment that
achieves for all , which satisfies (14). Substituting

into (14), we have

. Since , , and all have non-

negative elements, we have , and therefore,

(16)

That is, can also achieve for all and it satisfies the
minimum SINR constraint in (9).
Once the minimum SINR constraint in (9) (i.e., no buffer un-

derflow) is satisfied, the maximum SINR constraint in (9) (i.e.,
no buffer overflow) can be satisfied since BS can stop trans-
mission when the playout buffer at user is full.
Theorem 1 allows us to evaluate, for given videos and channel

gains, if there is a feasible power assignment for each time slot.
There is no need to consider the transmission schedules and
playout buffer occupancies in previous time slots. At the be-
ginning of time slot , we obtain from the cumulative
consumption curve and channel gains. If the linear system
(14) is solvable and the resulting satisfies constraint (10), then
there is a feasible power assignment for Problem OPT-VBR for
this time slot. The following fact from [27] can be used for the
feasibility test.
Fact 1: The following statements are equivalent: (i) there

exits a feasible power assignment satisfying (14); (ii) the max-

imum modulus eigenvalue of is less than 1; (iii) the

reciprocal matrix exists
and is positive component-wise.

D. Comparison With a Lazy Scheme

A “lazy” scheme is proposed in [12] for VBR video trans-
mission over a wired network. This is an ON-OFF scheme and
it transmits a video frame as late as possible before its playout
deadline at the maximum link speed, which minimizes the re-
quired client buffer size. In multicell multi-user wireless VBR
video streaming, the maximum link speed varies from time to

time due to interference and channel fading. Thus, the original
lazy scheme cannot be applied directly.
We enhance the lazy scheme to support multicell multi-user

VBR video streaming, termed W-Lazy, where every BS trans-
mits a frame that is needed for playout in the next time slot. Then
we can determine the rate vector (and the transmit powers) as
given in Theorem 1. We use W-Lazy as a benchmark for com-
parison and evaluation of the proposed algorithms. We have the
following results for W-Lazy.
Corollary 1.1: Problem OPT-VBR has a larger solution

space than that of the W-Lazy scheme.
Proof: This result directly follows Theorem 1.

Corollary 1.2: If is the solution
to Problem VBR-OPT, then any other vector that is ele-
ment-wise smaller than has a smaller solution space.

Proof: This result also follows a similar process as in the
proof of Theorem 1.

III. CENTRALIZED ALGORITHM

In this section, we present a centralized algorithm to pro-
vide solutions with bounded optimality gap. We first use RLT
to obtain a linear programming (LP) relaxation of Problem
OPT-VBR [28]. We then incorporate the linear relaxation into
a branch-and-bound framework, which can produce (1- )-op-
timal solutions.

A. Reformulation and Linearization

We first apply polyhedral outer approximation for the loga-
rithm functions in Problem OPT-VBR to obtain a Polynomial
Programming Problem OPT-VBR( ) [28]. We then use RLT
bound-factor product constraints to relax the quadratic terms
to obtain an LP relaxation OPT-VBR( ). The time slot index
is dropped in the following to simplify notation.
For the logarithm functions in the objective function, let

. We obtain a linear objective function
and new constraints . We deal

with the new constraints using polyhedral outer approximation.
Since , we choose points, denoted as

, within this range as

(17)

where and . We can obtain a convex
envelop for the logarithm function in [ , ], which con-
sists of tangent lines at the points given in (17) and the line
segment connecting the two end points. We relax the logarithm
constraint by using its convex envelop, represented by the fol-
lowing new linear constraints:

The first line is for the segment connecting the two end points,
and the second line is for the tangent lines at the points.
Thus we obtain a polynomial programming problem OPT-

VBR( ), as given in (18) (25). We can rewrite the last con-
straint (25) as , which
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contains quadratic terms in the form of .We next introduce
RLT bound-factor product constraints to remove such terms and
to obtain an LP relaxation.

(18)

(19)

(20)

(21)

(22)

(23)

(24)

(25)

Define substitution variables , for all , .
Since and are bounded by their respective lower and
upper bounds as and , we
obtain the following RLT bound-factor product constraints.

The quadratic terms are thus replaced with with
the above linear RLT bound-factor constraints, and an LP relax-
ation OPT-VBR is obtained as given in (26) (37).

(26)

(27)

(28)

(29)

(30)

(31)

(32)

(33)

(34)

(35)

(36)

(37)

The LP relaxation OPT-VBR( ) can be effectively solved
with an LP solver in polynomial time. The optimal solution to
the LP relaxation consists of . During the re-
formulation and linearization procedure, we mainly relax the
logarithm function in the objective function of OPT-VBR. The
original constraints of OPT-VBR are preserved in OPT-VBR
. Therefore, we have the following theorem regarding the fea-

sibility of the solution, which greatly simplifies the local search
procedure of the branch-and-bound algorithm to be presented in
Section III-B.
Theorem 2: The optimal transmit power vector to the LP

relaxation OPT-VBR is a feasible solution to the original
problem OPT-VBR.

Proof: The optimal transmit power vector of problem
OPT-VBR satisfies the power constraint (28), which is iden-
tical to the power constraint (10) in problem OPT-VBR. Since
the solution also satisfies SINR constraints (26) and (27), it
can be easily shown to satisfy the SINR constraints (8) and (9)
in problem OPT-VBR. Thus the optimal transmit power vector
of the relaxed problem OPT-VBR is also feasible to the

original problem OPT-VBR.

B. Branch-and-Bound Algorithm

According to Theorem 2, we can substitute the optimal power
assignment for the LP relaxation into Problem OPT-VBR
to obtain a lower bound, while the LP solution itself provides
an upper bound. We next incorporate the LP relaxation into a
branch-and-bound framework to obtain an algorithm that can
produce (1- )-optimal solutions.
Branch-and-bound is an iterative method for solving opti-

mization problems, especially for discrete and combinatorial
problems. A branch-and-bound procedure has two key compo-
nents. The first one, called branching, is to partition a problem
into subproblems. The procedure is repeated recursively to each
of the subproblems and all produced subproblems naturally
form a tree structure, i.e., the branch-and-bound tree. Its nodes
are the constructed subproblems. The leaves of the tree is also
call the Problem List. The other component is bounding, which
is a fast way of finding upper and lower bounds for the optimal
solution for each subproblem. For a maximization problem, an
infeasible upper bound (UB) can be found by solving a relaxed
problem. A local search algorithm is then used to explore the
neighborhood, to find a feasible lower-bounding solution (LB).
As discussed, we can easily derive upper and lower bounds by
solving the LP relaxation (no need for local search). The core
of the approach is an observation that, for a maximization task,
if the upper bound for a subproblem is smaller than the lower
bound for any other subproblem , then and the branch
rooted at can be safely discarded from the tree, such that the
computational complexity can be reduced. This procedure is
called pruning.
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The algorithm terminates when the upper bound reaches
of the lower bound. Let the optimal object value be ,

we have
, for . The pseudo code for the

branch-and-bound algorithm is given in Algorithm 1.

Algorithm 1 Branch-and-Bound Algorithm

1 Initialization

2 Obtain LP relaxation OPT-VBR as Prob 1;

3 Set optimal solution , Problem list ,
, and ;

4 Solve Prob 1 for solution and upper bound
;

5 Use , (7), and (8) to get lower bound ;

6 Set and ;

7 Iteration & pruning

8 Select Prob with the largest in and set ;

9 If then

10 Set and ;

11 If then

12 stop with solution ;

13 else

14 remove all probs in with ;

15 end

16 end

17 Partition

18 For Prob , find the maximum relaxation error among all
RLT variables, e.g., ;

19 If
then

20 partition into and ;

21 else

22 partition into and
;

23 end

24 Bounding

25 Solve the partitioned probs and to get solutions ,
and bounds , , , ;

26 Remove Prob from ;

27 If then

28 add Prob into ;

29 end

30 if then ;

31 add Prob into

32 end

33 if then

34 stop;

35 else

36 go to Step 6;

37 end

C. Enhancement

We further introduce a heuristic to accelerate the convergence
of the branch-and-bound algorithm. At the beginning of time
slot , if the playout buffer level is above a threshold, say, 80%,
and at user , we set and
remove the link from the optimization process.
Generally the playout buffer size should be at least greater

than the largest frame size. Given the large variations in VBR
frame sizes, there could be multiple frames stored when the
buffer is close to full. When the above conditions are satisfied,
there is little chance of buffer underflow at the end of time slot
even if we do not transmit anything to user . On the other
hand, if we schedule a non-zero power for this link, only
a small amount of bits can be transmitted due to the buffer over-
flow constraint, but at the cost of reduced SINRs at all other
links. Excluding such links from transmission not only greatly
speeds up the convergence of the branch-and-bound algorithm,
but also increases the SINR and capacity of other active links.

IV. DISTRIBUTED ALGORITHM

A. Develop a Distributed Algorithm

Although the RLT-based branch-and-bound algorithm can
provide a -optimal solution, it requires a centralized
implementation. A centralized controller is needed to collect
network, link and video related information, and to update
transmit power for each downlink. In this section, we develop
a distributed algorithm for Problem OPT-VBR that can be
implemented in each BS and operate with local information.
We assume each BS obtains video cumulative consumption

curves and playout buffer sizes for its users during the video
session initiation phase. At the beginning of time slot , each BS
computes for user the minimum rate as
, i.e., the data rate that empties the playout buffer at the end

of time slot but without underflow, and the maximum rate as
, i.e., the data rate that makes the playout

buffer full at the end of time slot but without overflow. BS
then translates the minimum and maximum rates to minimum
and maximum SINRs, i.e., and as given in
(6). In the following, we again drop the time slot index to
simplify notation.
To maximize objective function (7), BS sets a target SINR

as , and tries to achieve the target SINR by ad-
justing its transmit power. The problem then becomes a Dis-
tributed Constrained Power Control (DCPC) problem [19]. BS
first randomly sets its initial transmit power as .
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Let be the -th SINR measurement at user , which is car-
ried in the feedback to BS . BS then uses the following
DCPC algorithm to update its power after receiving the -th
SINR feedback.

(38)

If the ’s are feasible (see Section II-C ), the power vector
series is proved to converge to a unique
positive power vector satisfying the following equation [19].

(39)

where . Fur-
thermore, the converged power vector also achieves the
target SINR for each BS . The convergence result is
summarized in the following fact from [19].
Fact 2: With the DCPC algorithm (38), the transmit power

vector converges to a unique positive power vector satis-
fying (39). After convergence, either achieves or at
least one of the elements in is equal to .
The pseudo code for the distributed DCPC algorithm is given

in Algorithm 2, where is a fraction in (0,1) and is a posi-
tive integer.If BS ’s transmit power remains at the maximum
power for iterations, while the target SINR is still
not achieved, we reset the target SINR as

and restart the iterative update process. We
choose , the reciprocal of the golden ratio, and
from 2 to 5 in our simulations.

Algorithm 2: DCPC Algorithm 2

1 BS obtains , , and for user ;

2 BS computes SINR bounds and ;

3 BS sets and ;

4While TRUE do

5 BS receives SINR feedback and updates its power
as: ;

6 If ( for iterations ) & ( ) then

7 reset the target SINR as:
;

8 end

9 ;

10 end

In practice, the path gains vary over time due to channel
fading. It is possible that during some time slot, the transmis-
sion is not feasible even for the minimum required rate. It is
nontrivial to test the feasibility of the target SINR vector
in a distributed manner with only local information. In fact, if
the target SINR vector is infeasible, the problem of finding the
largest set of links that can be supported at the given SINRs is

proved to be NP-Complete [29]. Therefore, we adopt the fol-
lowing heuristic strategies to handle the case when the target
SINR vector cannot be achieved by a feasible power assignment
due to deep fading channels.
i) In the first time slot, if the DCPC algorithm does not con-
verge in a certain number of steps, suspend the transmis-
sion of the video with the largest frame size for sometime
and retry the algorithm.

ii) Adopt the acceleration enhancement as in the centralized
algorithm, which is described in Section III-C .

iii) If the DCPC algorithm does not converge for the reduced
(see Lines 6–8 in Algorithm 2), further reduce the

target SINR as . If still no
convergence when , for ,
all the links whose buffer will not be empty in the next
time slot will pause their transmissions. Since the algo-
rithm always tries to transmit as more data as possible
(i.e., by setting a high target SINR whenever possible), it
is highly likely that such links won’t have buffer under-
flow in the following time slots.

iv) If all the above steps fail, the BS suspends its transmission
and the user freezes the playout precess until the next time
slot.

B. Discussions

Channel Estimation: In a real deployment, some effective
channel estimation schemes should be adopted to obtain the
channel gains. Based on the channel gains, the schedules can
be computed and the transmit powers determined.
Scalability Issue: The algorithm is focused on intercell in-

terference in a multi-cell wireless network, while assuming or-
thogonal channels for users in the same cell. The major inter-
ference comes from users in neighboring cells using the same
channel. Since in each cell each video session is allocated with
one channel, given the hexagon design of cellular networks,
there may be at most seven users (six in the six neighboring
cells, and one in the center cell) that share the same channel. So,
for seven video sessions, the computation complexity should
be small. Scalability may become an issue when there are a
large number of channels, and the controller needs to solve one
problem for each channel. We conjecture that the distributed/
heuristic algorithm can handle a considerable large number of
concurrent problems due to its low computational complexity.
An admission control mechanismmay also be necessary to limit
the number of concurrent video sessions.
Long Videos: The proposed algorithms do not require a spe-

cific video length. If the video length is much longer, we can cut
the video to several shorter segments and the proposed sched-
uling algorithms can be executed for each segment of the video
stream.
VCR Control: For VCR control functions, a similar strategy

can be adopted that was used in our prior work [30]. For ex-
ample, if the user would like to fast forward or rewind the video,
the commands are then sent to the controller. The controller will
locate the rewound or fast forwarded location and shift the un-
derflow and overflow curves to that point. Then, based on the
new frame size information and the shifted underflow and over-
flow curves, a new transmission schedule will be computed. See
[30] for details.
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Fig. 3. The cumulative overflow, transmission, and consumption curves when transmitting Star Wars at link 1 in the seven-cell network. The three curves in
each lower figure are the cumulative overflow, transmission, and consumption curves from top to bottom. (a) Centralized algorithm. (b) Accelerated centralized
algorithm. (c) DCPC.

V. SIMULATION RESULTS

To evaluate the performance of the proposed algorithms, we
simulate VBR video streaming in a 7-cell wireless network. We
assume the channels within a cell are orthogonal and inter-cell
interference is the major limiting factor. The channel bandwidth
is . The path gain averages are set to ,
where is the physical distance from BS to user . We as-
sume Rayleigh fading channels in all the simulations, where the
normalized path gain is exponentially distributed as

for . The distance from a user to its
corresponding BS is uniformly distributed from 100 m to 1000
m and the inter-cell BS distance is from 1600 m to 2000 m. The
temperature is Kelvin and the equivalent noise band-
width is also 1 MHz. The peak power constraint is Watt.
In each cell, the channel is dedicated to one mobile user for

VBR video streaming. We assume BS’s 1, 4 and 7 are streaming
movie Star Wars, BS’s 2 and 5 are streamingNBCNews, and the
remaining links 3 and 6 are transmitting Tokyo Olympics. We
use the VBR video traces from the Video Trace Library hosted at
Arizona State University [24] in all the simulations. The playout
buffer size is set to be 1.5 times of the largest frame size in the
requested VBR video.

A. Centralized Algorithm

We implement the branch-and-bound centralized algorithm
using MATLAB. We choose for the simulations.
From the VBR video traces, we derive the cumulative con-
sumption and overflow curves. The centralized algorithm com-
putes the optimized power assignment for the BS’s at begin-
ning of each time slot. In Fig. 3(a), we plot the cumulative
consumption, overflow and transmission curves for Star Wars
transmitted on link 1. The top subfigure is for 10000 frames.
We also plot the curves from frame 1960 to frame 1980 in the
bottom subfigure, while frame 1969 has the largest size among
the 10000 frames. We observe that the cumulative transmis-
sion curve is very close to the cumulative overflow curve

, indicating that the centralized algorithm always aims to
maximize the transmission rate as allowed by the buffer and
power constraints, and the playout buffer is fully utilized for

Fig. 4. Convergence of the branch-and-bound algorithm in time slot 1 when
all the I-frames are transmitted and all the buffers are empty (i.e., the worst case
scenario).

most of the time. There is no playout buffer overflow or under-
flow for the entire range of the movies.
In Fig. 4, we plot the upper and lower bounds for objective

function (7) for time slot 1. This is the hardest time slot with
respect to power control, since all the sessions are transmitting
I-frames and all the playout buffers are empty in this time slot
in our simulations. We observe the optimality gap between UB
and LB is continuously decreased until the threshold
is reached. In other time slots where the frame sizes are not
consistently large and the playout buffers are close to full, it
usually takes only a few (e.g., 5 or 6) iterations to reach the
optimality gap threshold.
The average computation time are recorded for the default

scenario, for a PC with Intel 1.83 GHz CPU and 3.00 G RAM.
We find most of the computation time is consumed in the first
time slot, because the first frame is the I-frame that usually has
the largest size in the sequence. The computation time varied
with the channel fading condition and decreases as the opti-
mality tolerance increases, in the range of 1.5 s to 480 s. The
smaller the interference, the smaller the computation time. The
performance also significantly depends on the linear solver of
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Fig. 5. Simulation results with a seven-link network. (a) Rate sums with the algorithms. (b) Convergence of transmit powers with DCPC. (c) Convergence of bit
rates with DCPC.

Matlab. There is a tradeoff between computation time and opti-
mality. The larger the , the smaller the computation time. Since
the branch and bound framework is computation intensive, it is
mainly used as a benchmark for performance evaluation.
We also evaluate the accelerated scheme under the same

video and network conditions. The curves for link 1 are plotted
in Fig. 3(b). It can be seen that during time slots 1963, 1967, and
1971, there is no transmission on link 1 since the playout buffer
is over 80% full. Pausing transmission in these time slots makes
it easier for other links to transmit large frames and speeds
up the convergence of the algorithm, while causing no buffer
underflow at link 1. Since large frames rarely occur in the same
time slot (except for time slot 1), this is analogous to statistical
multiplexing of VBR videos. We find in the simulation, a link
can pause in over 60% of the time slots with the acceleration
heuristic, resulting in significant reduction in computation time.

B. Distributed Algorithm

We next examine the performance of DCPC. The network
and video setups are the same as those in the centralized algo-
rithm simulations. The cumulative overflow, transmission, and
consumption curves obtained by DCPC are plotted in Fig. 3(c)
for Star Wars transmitted on link 1. We observe very similar
performance as in the case of the centralized algorithm shown
in Fig. 3(a). The cumulative transmission curve is again very
close to , and there is neither buffer overflow nor under-
flow during the transmission of 10000 frames.
To compare the distributed and centralized algorithms, we

compute the sum of the bit rates of all the links in each time
slot. The acceleration scheme is not used for both algorithms in
this simulation. The rate sums are plotted in Fig. 5(a) from time
slot 6800 to 6840.We observe that the sum rates achieved by the
centralized algorithm and that by the distributed algorithm are
identical for most part of this interval. Examining the rate sums
for the entire 10000 time slots, we find that the rate sum achieved
by the DCPC algorithm is within 99% of the corresponding rate
sum achieved by the centralized algorithm in over 97% of the
time slots.
The convergence of the distributed DCPC algorithm is

plotted in Figs. 5(b) and 5(c) for one of the time slots. The
accelerated scheme is incorporated with DCPC, such that a link
may pause its transmission if its buffer is over 80% full and

. The evolution of the BS transmit powers
are plotted in Fig. 5, where after 23 steps, all the transmit powers

Fig. 6. Average buffer utilization of the four schemes.

converges to a value between 0 and Watt. The converged
power vector is

Watt. The evolution of the bit rates are
plotted in Fig. 5(c). It is interesting to see the data rates con-
verge faster than the transmit powers in this case. All the data
rates reach stable values after a few steps.

C. Empirical Performance Evaluation

We evaluate the performance of the proposed schemes by
comparing them with the following two schemes.
• A round-robin scheme where the BS allocates power in
a QoS based round-robin fashion, which favors the ses-
sion that would suffer buffer starvation if no transmission
is scheduled. When a specific BS is selected for transmis-
sion, it transmits the video with maximum power without
overflowing the client buffer, and all its neighbors remain
silent in the same frame-time slot.

• W-Lazy, as described in Section II-D.
First, we investigate the average buffer utilization at end of

each time slot. When underflow happens, the missing frame is
discarded, and the next frame will be scheduled for the transmis-
sion in the next time slot. We observe that the proposed RLT and
DCPCschemes achievehigher averagebuffer utilization than the
other two schemes. Fig. 6 shows the average buffer utilization
from frame-time slot 1600 to 1700. We find that the buffer uti-
lization of RLT and DCPC fluctuate around 90% mostly, while
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Fig. 7. Illustration of underflow events. As in Fig. 3, the three curves in each
figure are the cumulative overflow, transmission, and consumption curves from
top to bottom.

TABLE I
NUMBER OF UNDERFLOW EVENTS AND AVERAGE POWER CONSUMPTION

the utilization of the Round-robin scheme is in the range of 50%
to 80%.We also find that theW-Lazy scheme always achieves a
zero buffer utilization, since it only transmits each frame as late
as possible in each time slot. At the end of a time slot, all the
data will be consumed by the user and the buffer is left empty.
We then compare the average number of underflow events

in Table I. we find RLT achieves underflow free transmission,
while the number of underflow events for DCPC is negligible in
the simulations. This is because both schemes aim to transmit
as much video data as possible under the feasible condition in
each frame-time slot. The extra video data transmitted will be
in the playout buffer to provide a cushion to future large frames
or network dynamics. On the other hand, both Round-robin and
W-Lazy suffers a large number of underflow events. We also
illustrate the buffer underflow events in the period from 1680
to 1700 in Fig. 7. The red dot circles indicate the buffer un-
derflow. It can be seen that the cumulative transmission curve
lies below the cumulative consumption curve when buffer un-
derflow events occur. This results in an infeasible transmission
schedule, which causes frozen playout.
The average power consumption of the schemes are also

shown in Table I. W-Lazy consumes the least power. Due to the
variation of frame size and network condition, the transmission
of W-Lazy are infeasible in many time slots. To prevent the
divergence of power allocation, some video sessions should
be paused and the power savings of W-Lazy are achieved by
pausing video transmissions. However, this is at the cost of sig-
nificantly more buffer underflow events, which are undesirable
for user experience. The Round-robin scheme tries to transmit
as much video data as possible. However, it chooses a session

Fig. 8. Perceived quality of decoded videos: Football video frame 14. (a) RLT.
(b) DCPC. (c) Round-robin. (d) W-Lazy.

TABLE II
STATISTICS OF THE QUALITY OF THE DECODED VIDEOS: FOOTBALL

greedily and pauses other unselected video sessions. This also
causes many underflow events for the unselected sessions.
Also, due to the round robin fashion and limited buffer size,
when the unselected session become selected, its low buffer
utilization will lead to a larger power consumption in order
to fill the buffer, especially when it misses the previous good
channel condition and the channel condition is worse at the
current time slot.
The visual quality of the decoded QCIF VBR Football video

under different schemes are presented in Fig. 8. The 128-frame
video is encoded in VBR with fixed quantization parameters.
We present the perceived quality of the decoded video frames
by RLT, DCPC, Round-robin and W-Lazy in the figure. The
numbers of underflow events and average SNRs of the decoded
videos are presented in Table II.3 A larger buffer size can
achieve a better performance, but it will cause extra cost of
the node design in practice. We find that the proposed schemes
are free of underflow events and produce the best perceived
quality than both the W-Lazy and Round-robin schemes. Lost
frames also affect frame decoding with error propagations. For
example, frame 11 is lost during W-Lazy transmission, the
decoded frame 14 also suffers from the loss.

VI. CONCLUSION

We studied downlink power control for multi-user VBR
video streaming in multicell networks. The problem formula-
tion considers downlink power control, inter-cell interference,
VBR video characteristics, and playout buffer requirements.

3The Round-robin scheme uses a larger buffer than the other schemes in this
simulation, otherwise the decode will crash if the same small buffer size as in
the other schemes is used for Round-robin.
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We developed a centralized algorithm that can provide (1- )-op-
timal solutions, and a fast distributed algorithm that only needs
local information. The algorithms are evaluated with extensive
simulations with VBR video traces and fading channels, and
are demonstrated to be effective for streaming VBR videos
over multicell wireless networks.
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