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Abstract—A great deal of research energy has been focused
on the challenge of delivering high-quality video content to
mobile users. In many over-the-top video services, however,
the scheduler responsible for channel resource allocation is not
aware of content characteristics or playback schedules at end
user devices. Therefore, it cannot allocate physical resources
in a way that maximizes video quality. For example, it cannot
prioritize the transmission of a video frame that is to be displayed
within seconds over one whose playback deadline is minutes
away. Furthermore, for content that is to be viewed immediately,
previous pricing structures that incentivize delaying network use
to off-peak hours or WiFi offloading do not apply. To address this
issue, we introduce a tiered link quality-dependent data pricing
scheme for use together with usage-based pricing in wireless
networks. Our pricing model encourages selfish users to prefetch
video content during short intervals of good link quality, and
use minimal resources when they have a poor link quality. This
offers an economic incentive to video consumers to use physical
resources more efficiently even with an oblivious scheduler, and
leads to better overall video quality for all users in a wireless cell,
as well as increased revenue for the wireless service provider.

I. INTRODUCTION

By far the largest traffic category contributing to the ex-
plosion of mobile web traffic is real-time entertainment [1],
comprised of streaming video and audio from services such
as YouTube, Pandora, Spotify, and Netflix. These over-the-top
multimedia services represent a significant stress on cellular
data networks. In addition to infrastructure investments, wire-
less service providers are considering the use of behavioral and
economic mechanisms to manage the load on their networks.
Over the past few years, wireless broadband providers have
been migrating towards usage-based pricing models and elim-
inating unlimited high speed data plans, measures meant to
make users more aware of, and conservative in, their usage of
cellular data networks. For example, one major U.S. provider
reported in Q3 of 2013 that 72 percent of its smartphone
subscribers were on usage-based plans [2], an increase of eight
percentage points from the previous year.

The trend towards usage-based pricing opens up new op-
portunities for mechanism design in wireless networks. To
date, most research on mechanism design for network resource
allocation assumes that each user seeks to acquire as much
of the network resource as possible. In a usage-based pricing
model, however, users are discouraged from using the wireless
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network without restraint by the threat of high overage charges
or having their service throttled should they exceed the data
quota for which they have paid. This suggests that consumers
would be willing to change their usage under a pricing
structure in which some data “counts less” towards their quota.
In this paper, we consider a scenario in which mobile
users receive video on demand (VOD) content over a cellular
data network. As is often the case with over-the-top video,
the wireless service provider has no knowledge of content
characteristics or playback schedules at the users. Therefore,
although the service provider can try to allocate physical
resources fairly among users, it cannot do so in a way that
maximizes video quality. For example, it cannot prioritize the
transmission of a video frame that is to be displayed within
seconds over one whose playback deadline is minutes away.

Given that the scheduler does not have the ability to organize

an optimal allocation, we would like users to moderate their
own resource consumption to share the wireless medium more
efficiently. The degree to which this is possible depends on
the elasticity of the demand with respect to time. For content
that the user is willing to delay viewing for hours or tens
of minutes, previous work on time-based pricing [3], [4] or
WiFi offloading [5] offers incentives that encourage network-
friendly behavior. Here, we propose a novel structure that
applies to users who want to view content immediately and
are unwilling to wait for less congested time intervals.

Our proposed pricing structure leverages the following

insights about wireless networks and multimedia delivery:

o VOD content is typically prefetched into a buffer as it is
being viewed. There is some flexibility (on the order of
tens of seconds) to the timing of video retrieval, even
though we desire immediate viewing of the content. This
is unlike typical (non-video) web traffic, where the timing
of content retrieval directly affects the user experience.

o Content can be delivered using fewer physical resources
to users who have a high-quality wireless link. The qual-
ity of a wireless link varies in time, with a slow fading
decorrelation length on the order of tens of seconds for
a pedestrian mobile user [6].

Thus, one way to use the medium more efficiently without

delaying viewing is to prefetch as much video as possible
into a buffer during intervals of good channel quality, and
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refrain from downloading all but the most urgent content when
channel quality is poor. Ordinarily, however, users have no
incentive to change their usage according to channel quality.
To encourage the desired outcome, we propose a scheme in
which the wireless provider discounts data used in a good
channel state by counting less towards the user’s monthly
quota. For example, 1 MB of data might accrue only 0.8
MB towards the monthly allowance in the best channel state,
compared to a full 1 MB in the worst channel state. This mo-
tivates usage-conscious customers to fill video buffers during
intervals of good channel quality, and to only download the
most immediate content in intervals of poor channel quality.
The contributions of this work, therefore, are as follows:

o We introduce channel-dependent pricing, where the ac-
counted cost of wireless data depends on signal quality.

o We demonstrate with numerical examples that in a fully
loaded wireless network, both consumer and service
provider benefit from channel-dependent pricing.

e We show through simulation that under channel-
dependent pricing, a heuristic video download policy
that refrains from using the network under poor channel
conditions offers better video quality than an equivalent
download policy that does not.

Furthermore, unlike many other resource allocation schemes
for wireless multimedia services, the proposed scheme works
with an oblivious scheduler, and for content that is being
retrieved for immediate viewing.

The rest of this paper is organized as follows. First we
place this discussion in the context of related work on resource
allocation for wireless multimedia applications, dynamic net-
work pricing, and video adaptation for usage-based pricing
(Section II ). In Section III we describe the structure of the
video delivery game. Incentives for participation are described
in Section IV, and the outcome of the game is evaluated by
simulation in Section V. Finally, Section VI concludes with
directions for future work.

II. RELATED WORK

This paper is motivated by recent interest in resource
allocation for wireless multimedia applications, quota-aware
video adapatation, and time-dependent network pricing.

As multimedia represents an increasing share of Internet
trafficc, we have seen a growing body work on resource
negotiation protocols for multimedia applications. An early
example is [7], which describes a resource negotiation and
pricing protocol for multimedia traffic delivered over a wired
network. In [8], a similar protocol is developed which encour-
ages truthfulness while maximizing overall network utility and
incentivizing voluntary participation for multimedia users of
a wireless network. The resource allocation is formulated in
a network utility maximization framework in [9], and a joint
optimization is performed to derive the resource allocation,
perform quality adaptation, and frame scheduling. In all of
these, however, it is assumed that left unchecked, every user
will try to use as much of the network resource as possible. By
working within a usage-based pricing framework, where users

are simultaneously trying to maximize video quality while
using minimal network resources, we obviate the need for the
negotiation protocols described in those papers.

Similarly, the problem of adapting video quality with re-
spect to resource constraints and user utility has been exten-
sively studied. Quota-aware video adaptatation was introduced
in [10], which describes a system that adjusts video quality ac-
cording to consumer usage patterns throughout a billing cycle.
In [10], however, the cost of data is constant, without regard
to channel state or network congestion. There is no incentive
for users to change network-unfriendly usage patterns.

Other work [3], [4] has shown that under a time-dependent
pricing model, users are often willing to shift time-elastic
traffic to off-peak periods in order to save on data costs. Al-
ternatively, mobile data offloading through WiFi can alleviate
load on cellular networks for traffic that may be delayed tens
of minutes [5]. However, no equivalent exists for traffic that
cannot be delayed for hours or tens of minutes, but can still
potentially be shaped in a way that benefits the network. The
use case we consider in this paper is one where time-dependent
pricing or opportunistic offloading is not necessarily useful,
e.g., the retrieval of a video for immediate viewing.

III. VIDEO DELIVERY GAME

We model the video delivery scenario as a finitely repeated
game played for T stages (each lasting one second) between a
single wireless service provider and M video consumers. Each
agent selfishly tries to maximize its own utility, as follows:

o The service provider seeks to maximize its revenue,
defined as the total amount of billable data accrued by
all consumers over the course of the game.

o Each video consumer seeks to maximize its video play-
back quality subject to a self-imposed quota constraint.
The playback quality is modeled as a logarithmic function
of the video rate, as described in [11].

A. Video Buffer

The video content is divided into I segments, each having a
duration of N time intervals. Every segment is further encoded
into K layers using scalable video coding. A segment-layer
block of video may therefore be described by a tuple (i, k)
where ¢ € {1,---,I} and k € {1,---,K}. The amount of
data in the block indexed by (i, k) is d; k.
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Fig. 1: The video is divided (along the horizontal axis) into segments
of duration NV intervals, each of which is further divided (along the
vertical axis) into layers using scalable video coding. Each segment-
layer block is downloaded independently. As the game progresses,
segments are played back by the viewer from left to right.

Buffered
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Every video consumer m keeps a buffer b,, ; = {bm(i, k>,t}
in which each position represents the amount of data retrieved
for a given segment-layer block (Figure 1). Each (i, k) position
in this buffer is initialized to zero at the beginning of the game.

B. Initial Stage

The strategy of the wireless service provider is set in the first
stage of the game, and remains static for the duration of the
game. (The proposed pricing model is independent of network
congestion, so it remains relatively stable. This obviates the
need for negotiation and message exchange procedures like
those described in other resource allocation games.)

The service provider’s strategy is represented as a set
(Ps)4cg in which each element describes the “cost” of data
in the channel state indexed by s. The “cost” is a numerical
quantity that indicates how data delivered in that state is ac-
crued towards the users’ quota. For example, if P, = 0.8 then
each MB of data delivered to users with channel state index
1 only counts as 0.8 MB towards their monthly allowance.
The service provider’s strategy should anticipate the customer
response to a given P, which we discuss further in Section I'V.

Also in the first stage of the game (¢t = 1), each video
consumer m sets an allowance ()1 which describes how
much of their data quota they would like to “spend” to watch
the video. This parameter will depend on a number of factors,
including the length of the video, the importance of quality
given the content of the video, and the degree of interest
the user has in the video. For high-motion sports content, for
example, the importance of video quality is likely to be greater
than for a news segment, and so a user might allocate more of
its monthly allowance to the former. The amount of allowance
left to user m after it completes stage ¢ of the game is @, ¢.

C. Subsequent Stages

In stages t = {2,..,T} of the game, every consumer m is
assigned a channel state index s,, ; drawn from the index set
S. The stochastic process that sets the value of s, ; represents
the variation in physical link quality as a user moves within the
wireless cell, which is independent between different users.
The set (Cs), g indexed by S describes the amount of channel
bandwidth required to transmit one bit of data in one second
to a user in state s. Thus, information may be delivered to
user m in stage ¢ with a spectral efficiency of Csl b/s/Hz.

m,t

The strategy of a video consumer m at stage ¢t # 1
is represented as ry,; = (i,k), where [5] < @ < I is
the segment index and k& < K is the layer index of the
video block requested. (The [%] lower bound ensures that
only segments that have not yet been played back may be
downloaded.) The user’s strategy must satisfy the constraint
P, .dp, . < @m,t—1 (it does not “cost” more than the
user’s remaining self-imposed allowance). If a user can not,
or chooses not to, download anything in stage t, its strategy
in that stage is 7, = (0,0). Beyond these constraints, the
specific download policy is left to the video client; we describe
some heuristic policies in Section V, but the optimization of
the video delivery policy is left for future work.

A subset of these content requests will be fulfilled in each
stage, such that

M
Z CSm,thm,t S W (])
m=1

where W is the bandwidth of the wireless link. If a user’s
request is satisfied, it sets Q¢ = Qmt—1 — Ps,, . d and

Sm,t “Tm,t

bm(i,k)1t =d

Tm,t*

D. Total Utility
The service provider’s utility for the whole game is therefore

T M

Uprav = Z Z (Qm,tfl - Qm,t) (2)
t=2 m=1
which represents the total amount of data billed to customers
over the duration of the game. The video consumer’s cumu-
lative utility at the end of the game is

I K
U,, = Z log (1 + Z bm(i),ﬂ,T) (3)
=1 k=1

which is the sum of the playback utility for each segment of
the video.

IV. INCENTIVES FOR PARTICIPATION

For wireless service providers and video consumers to
willingly participate in the game we propose, it must be more
beneficial to them than the status quo. In this section, we
describe how the video delivery game benefits both parties.

A. Voluntary participation for service providers

The service provider in this scenario benefits by earning
more revenue under the discounted pricing scheme than it
might otherwise, if certain conditions are met.

Because the wireless service provider is not aware of content
characteristics or playback schedules at the users’ devices, it
cannot allocate resources for over-the-top video efficiently. If
it offers pricing levels that encourage consumers (who are
aware of video properties and playback schedules) to engage
in network-friendly behavior, the provider can collect more
revenue, with a net revenue gain if:

o the discount offered for data in good channel states is
less than the difference in physical resources consumed
in these states, i.e. Py > C, for all s € S,

o there is enough demand for service so that more efficient
use of resources will allow the provider to serve more
users and bill for more data, and

« the pricing encourages enough users to refrain from using
the channel under poor conditions, so that the lost revenue
in discounts is offset by the increased efficiency.

We demonstrate that these conditions can feasibly be met
with a simple numerical example, illustrated in Figure 2.
We price four channel states, indexed S = {0, 1,2, 3}, each
representing one of four major digital modulation schemes:
BPSK, QPSK, 16QAM, and 64QAM. We therefore assume
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Fig. 2: This numerical example shows that under certain conditions,
the service provider can increase its revenue (increase factor > 1)
by offering discounted data pricing, provided that this is sufficient to
encourage users to change their download behavior. The white line
represents the indifference curve, along which the service provider is
no better and no worse off than the status quo. In the top left region,
above the indifference curve, the carrier enjoys a net revenue gain.

that the service provider transmits data with a relative spectral
efficiency of 1, 2, 4, and 6 bps/Hz to users in states 0, 1, 2,
and 3 respectively (i.e., C = {1.00,0.50,0.25,0.16}).

The carrier strategy in this example is assumed to be in
the form P = 1 — z (1 — C) where z is a discount factor
between 0 and 1, and represents how much of the savings in
increased spectral efficiency the service provider passes on to
the consumer. We further assume for this numerical example
that the distribution among channel states of data downloaded
in a single stage is of the form {0.25—1.5y,0.25—0.5y, 0.25+
0.5y,0.25 + 1.5y}, with y between —0.15 and 0.15. This
includes both the desired outcome (most downloads taking
place in good channel states) as well as the worst-case scenario
(most downloads taking place in poor channel states).

Figure 2 shows the factor by which the service provider’s
revenue increase as x and y vary, normalized by the scenario
in which downloads are uniformly distributed among channel
states and no discount is offered. We observe a region in which
the normalized revenue increase factor is > 1. If the users’ best
response to a discount factor x follows distribution y and (z, y)
is in the region where the normalized revenue increase factor
is > 1, the service provider can expect to earn more revenue
than the status quo by offering discounts on data pricing.

B. Voluntary participation for video consumers

The video consumers in this scenario benefit by being
able to potentially retrieve more enhancement layers (which
improve video quality) than they would without discounted
data pricing, subject to their self-imposed quota constraints.
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Fig. 3: This numerical example shows that the user benefits from
discounted data pricing by being able to download more enhancement
layers, subject to the same quota. The greater the discount, the more
the user is motivated to pursue more downloads in good channel
states and refrain from using the channel in poor channel states.

Continuing the numerical example described above, suppose
the video is 50 segments long, each d; ; = 1, and every user
sets a quota of 50 data units (which is sufficient to download
only the base layer of the video without discounted pricing).
Figure 3 shows how the number of enhancement layers the
user may download varies with z and y. Obviously, as the
discount factor increases (from left to right along the x-axis
in Figure 3), the user can download more enhancement layers,
subject to the same self-imposed quota.

However, we note that the user can also unilaterally increase
the number of enhancement layers it downloads - and thereby,
its utility - by downloading more in good channel states and
refraining from downloading in poor channel states (increasing
along the y-axis in Figure 3). This response also increases the
service provider’s revenue (Figure 2), as well as the overall
throughput of the wireless cell, so it is beneficial for all
parties. Furthermore, the relative benefit of downloading more
in good channel states increases with the discount factor,
which motivates the service provider to offer a high enough
discount to motivate users to change their behavior.

V. EVALUATION

We further evaluate the game described above by means of
a simulation. The video length, channel states, and discount
structure are exactly as described in Section IV. The remaining
simulation parameters are as follows:

o Each user is assigned a channel quality state at every
game stage, with uniform probability of being in any
channel state at a given time.

o The duration N of each video segment is 2 seconds, i.e.,
a new video segment is played back every 2 game stages.
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o The video is encoded into a base layer and a single
enhancement layer.

o Every block has unit data (i.e., d; , = 1 for every i, k).

o If the requests in a given stage exceed the channel
capacity, then a subset of requests is selected to be
dropped until the capacity constraint is met. (The base
station is not aware of the content of the requests, so it
does not prioritize base layers over enhancement layers
or immediate segments over future ones.)

« Every consumer is constrained by the content provider to
buffer a maximum of five segments ahead of its current
playback. This reflects the buffering constraint imposed
by most online video services.

Note that except for its role in setting the pricing struc-
ture, the service provider is not directly involved in resource
allocation (i.e., the scheduler at the base station is oblivious).

Within the constraints described above, video consumers
in the simulation follow one of two heuristic policies for
downloading video. In the QuotaAware strategy (Algorithm 1),
users consider only buffer occupancy and playback deadlines
in deciding when to request data. This strategy represents the
horizontal line across the midpoint of Figure 3. The user still
benefits from discounted pricing “accidentally,” but does not
make any effort to move towards the top of Figure 3 where
the benefit is greater. In the QuotaChannelAware strategy
(Algorithm 2), the user takes buffer occupancy, playback
deadlines, and data pricing into account in deciding when to
request a segment download. In this strategy, the user attempts
to move towards the top of Figure 3, where benefit to the user
is greatest in channel-dependent pricing.

Algorithm 1 QuotaAware video download strategy

P < Price vector
for all t € T do
for all m € M do
i1 < Index of next k = 1 block missing in b,
iz + Index of next k = 2 block missing in b,,
B < Amount of base layer data missing in by,
layer + 1
if maz(P)B > Qm,+—1 then
index <+ i1
else
index < min(i1,i2)
layer < 2 if io < i1
end if
request (indezx, layer)
end for
end for

In both strategies, the consumer constrains itself to down-
loading only base layer blocks if it finds itself lacking surplus
(i.e., the cost of downloading all missing base layer seg-
ments at the highest prices meets or exceeds its remaining
allowance). In the QuotaChannelAware strategy, however, it
also refrains from downloading future segments according to
a threshold function which decides whether the client should
make a request at all, based on the channel state and the
immediacy of the content to be downloaded.

Algorithm 2 QuotaChannelAware video download strategy

P < Price vector
for all t € T do
for all m € M do
i1 < Index of next £ = 1 block missing in b,,
i2 < Index of next k = 2 block missing in by,
B < Amount of base layer data missing in by,
layer < 1
if ©1 <1 then
request (i1, layer)
else if i1 < finreshotd(sm,:) then
if max(P)B > Qm,+—1 then
index < i1
else
index < min(i1,i2)
layer < 2 if 12 < 13
end if
request (indezx, layer)
end if
end for
end for

The tradeoff between waiting to download a block in a better
channel state (at the possible cost of missing the block) and
downloading a block in an undiscounted state will depend
heavily on the dynamics of the channel state, the discount
factor, as well as various human factors (e.g., the importance
of the video vs. the desire to be frugal with quota usage).
This simulation uses a simple heuristic that does not directly
consider discount factor or the expectation of the channel state.
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Fig. 4: This figure shows the fraction of the video which is played
back at high quality (i.e., with an enhancement layer) with respect
to the discount factor for two heuristic download strategies.

Figure 4 shows the portion of the video played back at
a high quality level (i.e., with an enhancement layer) for
both strategies, under different discount conditions. In the
QuotaChannelAware strategy, users try whenever possible to
download blocks at the highest discount available, and can
thereby retrieve more enhancement layers given the same self-
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imposed quota. The portion of the video played back with en-
hancement layers is therefore greater with this strategy, which
indicates that under channel-dependent pricing, users are in
fact motivated to use the strategy that is more network-friendly.
Furthermore, the difference between the QuotaChannelAware
and QuotaAware strategy, and thus the degree of motivation,
increases with the discount factor. The benefit to the user of
discounted pricing levels off as the discount factor increases,
due to the network capacity constraint and the limit on how
much time the user actually spends in better channel states.

n N @ @ »
=} o o 15 o
1 1 1 1 1

Service Provider Revenue per Unit Channel
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|
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0.0 0.1 0.2 0.3 0.4 0.5
Discount factor

Strategy - QuotaAware QuotaChannelAware

Fig. 5: This plot shows the net revenue earned by the service provider
per unit channel, with respect to discount factor under two heuristic
user strategies. To encourage adoption of the QuotaChannelAware
strategy, and thus earn more revenue, the service provider has to offer
a sufficiently high discount to motivate the desired user behavior. It
cannot unilaterally decrease the discount factor to improve its utility.

Figure 5 shows the relative average amount of data the
service provider “bills” to users per game stage, for each
unit of utilized channel bandwidth. As expected, the revenue
decreases with discount factor. However, the revenue is al-
ways greater for the QuotaChannelAware policy (where more
consumers are served per unit of channel resource) than the
QuotaAware policy. Since the discount is necessary to motivate
video consumers to adopt the network-friendly strategy, the
service provider is incentivized to offer a sufficiently high
discount to encourage this behavior (even though the discount
decreases its revenue gains). The actual revenue increase for a
given discount will be somewhere between the two lines, and
will depend on how many users follow the QuotaAware strat-
egy and how many follow the QuotaChannelAware strategy at
the equilibrium, which is not evaluated in this work.

VI. CONCLUSION

In this work, we demonstrate that by discounting data
costs within a usage-based pricing model, a wireless service
provider can encourage desirable behavior in mobile video
viewers, with benefits for both the provider and the video

consumers. For example, by passing on 30% of the savings of
increased spectral efficiency in the form of discounted data
pricing, a service provider can offer usage-sensitive video
consumers 30% of a video in high-quality (rather than none)
within the constraints of a user-imposed data allowance. At
the same time, the service provider can enjoy a 57% increase
in revenue compared to the case with no discount, due to more
efficient spectrum usage under tiered data pricing.

We would like to improve on this work by developing
optimized pricing schemes and download strategies that maxi-
mize the service provider’s and video consumers’ utilities, and
finding an equilibrium state with these strategies. We also hope
to extend the simulation, in particular the simplistic channel
transition model. Finally, we would like to develop a game
in which the content provider participates by subsidizing data
prices for certain content items.

ACKNOWLEDGEMENTS

This work was supported in part by the National Science
Foundation through the Graduate Research Fellowship Award
1104522, and by the New York State Center for Advanced
Technology in Telecommunications (CATT).

REFERENCES

[1] Sandvine Incorporated ULC, “Global Internet phenomena
report 2H 2013,)” Waterloo, Ontario, Canada, Global Internet
Phenomena Report, Nov. 2013. [Online]. Available: https:
/Iwww.sandvine.com/downloads/general/global-internet-phenomena/
2013/2h-2013-global-internet-phenomena-report.pdf

[2] AT&T Inc, “AT&T investor briefing Q3 2013, Dallas,
Quarterly Earnings Report 282, Oct. 2013. [Online].
http://www.att.com/Investor/Earnings/3q13/ib_final_3q13.pdf

[3] J. Dyaberi, B. Parsons, V. Pai, K. Kannan, Y. Chen, R. Jana, D. Stern,
A. Varshavsky, and B. Wei, “Managing cellular congestion using incen-
tives,” IEEE Communications Magazine, vol. 50, no. 11, pp. 100-107,
2012.

[4] S. Ha, S. Sen, C. Joe-Wong, Y. Im, and M. Chiang, “TUBE: Time-
dependent pricing for mobile data,” in ACM SIGCOMM 2012 Confer-
ence on Applications, Technologies, Architectures, and Protocols for
Computer Communication. New York, NY, USA: ACM, 2012, pp.
247-258.

[5] K. Lee, J. Lee, Y. Yi, I. Rhee, and S. Chong, “Mobile data offloading:
How much can WiFi deliver?” IEEE/ACM Transactions on Networking,
vol. 21, no. 2, pp. 536-550, Apr. 2013.

[6] F. Fund, C. Wang, Y. Liu, T. Korakis, M. Zink, and S. S. Panwar,
“Performance of DASH and WebRTC video services for mobile users,”
in Proceedings of the 2013 20th International Packet Video Workshop,
San Jose, California, USA, Dec. 2013, pp. 1-8.

[7]1 X. Wang and H. Schulzrinne, “An integrated resource negotiation,
pricing, and QoS adaptation framework for multimedia applications,”
IEEE Journal on Selected Areas in Communications, vol. 18, no. 12,
pp. 2514-2529, 2000.

[8] F.Fu, T. M. Stoenescu, and M. van der Schaar, “A pricing mechanism for
resource allocation in wireless multimedia applications,” IEEE Journal
of Selected Topics in Signal Processing, vol. 1, no. 2, p. 264279, 2007.

[9] J. Huang, Z. Li, M. Chiang, and A. Katsaggelos, “Joint source adaptation

and resource allocation for multi-user wireless video streaming,” I[EEE

Transactions on Circuits and Systems for Video Technology, vol. 18,

no. 5, pp. 582-595, 2008.

J. Chen, A. Ghosh, J. Magutt, and M. Chiang, “QAVA: quota aware

video adaptation,” in Proceedings of the Sth international conference

on emerging networking experiments and technologies (CoNEXT ’12).

New York, NY, USA: ACM, 2012, pp. 121-132.

H. Hu, Y. Guo, and Y. Liu, “Peer-to-peer streaming of layered video:

Efficiency, fairness and incentive,” IEEE Transactions on Circuits and

Systems for Video Technology, vol. 21, no. 8, pp. 1013-1026, 2011.

TX,
Available:

[10]

(11]

576



