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Collaborative Resource Exchanges for Peer-to-Peer
Video Streaming Over Wireless Mesh Networks

Nicholas Mastronarde, Deepak S. Turaga, and Mihaela van der Schaar

Abstract— Peer-to-peer collaboration paradigms fundamen-
tally change the passive way wireless stations currently adapt
their transmission strategies to match available resources, by
enabling them to proactively influence system dynamics through
exchange of information and resources. In this paper, we focus
on delay-sensitive multimedia transmission among multiple peers
over wireless multi-hop enterprise mesh networks. We propose
a distributed and efficient framework for resource exchanges
that enables peers to collaboratively distribute available wireless
resources among themselves based on their quality of service
requirements, the underlying channel conditions, and network
topology. The resource exchanges are enabled by the scalable cod-
ing of the video content and the design of cross-layer optimization
strategies, which allow efficient adaptation to varying channel
conditions and available resources. We compare our designed low
complexity distributed resource exchange algorithms against an
optimal centralized resource management scheme and show how
their performance varies with the level of collaboration among
the peers. We measure system utility in terms of the multimedia
quality and show that collaborative approaches achieve ~50%
improvement over non-collaborative approaches. Additionally,
our distributed algorithms perform within 10% system utility
of a centralized optimal resource management scheme. Finally,
we observe 2-5 dB improvement in decoded PSNR for each peer
due to the deployed cross-layer strategy.

Index Terms— Collaborative resource management, multime-
dia P2P communication, multimedia transmission, peer-to-peer
collaboration, resource exchanges for wireless P2P communica-
tion, wireless mesh networks.

I. INTRODUCTION

EMERGING wireless multi-hop mesh networks are poised
to enable a variety of delay-sensitive multimedia trans-

mission applications, such as videoconferencing, on-demand
distributed services and applications, surveillance, remote
teaching and training [1]. However, the existing wireless
infrastructure often provides dynamically varying resources
with only limited support for the Quality of Service (QoS)
required by these multimedia applications. Hence, multimedia
streaming systems must accommodate variations in bandwidth
and other network QoS parameters, introduced by the shared
nature of the network and quality of the physical connections.
Many of these emerging multimedia applications involve
wireless peer-to-peer (P2P) transmission. The focus of this
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paper is on emerging P2P applications where wireless stations
(referred to interchangeably as peers or nodes) located across
an enterprise network transmit to each other delay-sensitive
video bitstreams across multiple hops. In this distributed
transmission scenario, peers need to proactively exchange
information as well as collaborate to reserve resources, such
that the various multimedia applications are provided with
the necessary QoS. Such collaboration is needed due to the
shared nature of the wireless infrastructure, where the cross-
layer or resource allocation strategy deployed by one peer
impacts and is impacted by the other peers. In the proposed
P2P resource exchange paradigm, information about wireless
resources (used, available etc.) and constraints (e.g., QoS
requirements, channel conditions etc.) of the peers can be
disseminated to all nodes, and used as available optimization
criteria for their own communication subsystem (i.e. their own
cross-layer optimization strategy).

Prior research on multimedia transmission over multi-hop
wireless P2P networks has focused exclusively either on the
cross-layer adaptation strategies, or on centralized resource
management strategies. The problem of multi-hop wireless
video streaming has only recently been studied in a variety
of scenarios [2], [3]. However, the majority of this research
does not consider mechanisms available at lower layers of the
protocol stack and/or optimizes video transport using purely
end-to-end metrics, thereby excluding the significant gains
achievable by cross-layer design [5], [6], [7]. Recent results
on the practical throughput and packet loss analysis of multi-
hop wireless networks have shown that the incorporation of
appropriate utility functions that take into account specific
parameters of the protocol layers such as the expected re-
transmissions, the loss rate and bandwidth of each link [7],
as well as expected transmission time [8] can significantly
impact the actual end-to-end network throughput. In summary,
while significant contributions have been made to enhance the
separate performance of the various OSI layers, no integrated
and realistic cross-layer optimization framework exists for
efficient multi-user multimedia transmission over multi-hop
mesh networks.

Different centralized and distributed approaches have been
adopted to solve the resource management problem for wire-
less networks. Centralized approaches solve the end-to-end
routing and path selection problem as a combined opti-
mization using multi-commodity flow [22] algorithms, as
this ensures that the end-to-end throughput is maximized
while constraints on individual link capacities are satisfied.
In contrast, distributed approaches use fairness or incentive
policies to resolve resource allocation issues in a scalable
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manner [26]-[29]. For instance, in [26], a new solution to
the problem of engineering non-monetary incentives for edge
based wireless access services was proposed which offers both
higher throughput for bursty data and more stable allocation
for real-time applications. However, previous research has not
considered the benefits of dynamic resource and information
exchanges among wireless peers.

In this paper we jointly consider and optimize resource
exchanges among the peers sharing the same multi-hop en-
terprise wireless LAN (WLAN) infrastructure, as well as the
cross-layer adaptation at each individual peer, such that the
video quality (of simultaneously transmitted streams) is max-
imized. Unlike commercial P2P systems, where the incentive
to collaborate is minimal and there are often free-riders, we
investigate this resource collaboration and exchange in an
enterprise network setting. In enterprise networks, the number
of simultaneous users and variety of deployed applications
can be controlled. Typical enterprise mesh networks consist
of sparsely distributed wireless nodes where users may be
authenticated, and their QoS requirements verified. Finally,
the network topology typically changes slowly over time as
users join and leave the network in a controlled manner.

We assume that the various nodes of the mesh network
employ polling-based (reservation-based) admission control
similar to that employed in the emerging 802.11e WLAN
standard [10]. Furthermore, we consider that the WLAN uses
multiple orthogonal channels for transmission thereby avoid-
ing losses due to interference effects. However, for current
wireless networks, investigating the performance degradation
due to interference [31], [6], [32] forms an important area
of our future research. We deploy an overlay network [11]
where the users/applications are required to adhere to various
imposed policies (for resource exchange, admission control,
fairness, security etc.). An additional benefit of the overlay
network is that it can convey information about the expected
Signal to Interference-Noise Ratio (SINR), as well as the
guaranteed bandwidth under the dynamically changing phys-
ical layer modulation at each wireless node. To improve
the system utilization (number of admitted peers) as well
as the QoS for admitted stations, we deploy scalable video
coding schemes that enable each video flow (bitstream) to be
divided into several sub-flows (layers) with different priority.
This partitioning into multiple sub-flows also enables path
diversity gains, since different sub-flows may be transmitted
over different paths between the same source and destination
peers.

Summarizing, to allow P2P collaboration in wireless net-
works, we propose a new way of architecting wireless mul-
timedia communications systems by jointly optimizing the
protocol stack at each station and resource exchanges among
stations based on the underlying channel conditions, network
topology, and requirements of each video sub-flow. We first
design algorithms for collaborative resource exchanges, where
given the average (or worst case) underlying channel con-
ditions, source peers collaboratively decide how many sub-
flows to admit, and which paths these sub-flows should be
transmitted on. We design distributed algorithms for collabo-
rative path partitioning and air-time reservation at intermediate
nodes along the paths of the flow. We consider different

levels of collaboration among participating peers, and examine
the end-to-end performance in terms of the system utility
and decoded video quality. Peers collaborate by exchanging
information about selected paths, bandwidth requirements, and
time reservation at intermediate nodes. Given the solution to
the admission control, we then perform dynamic cross-layer
adaptation at each peer. We modify the packet scheduling
at the Application layer, the retransmission limit for each
packet at the Medium Access Control (MAC) layer, and the
underlying physical layer (PHY) modulation strategy, at each
peer dynamically, given the underlying channel conditions.

This paper is organized as follows. We describe the notion
of sub-flow, and describe the partitioning of a scalable video
flow into multiple sub-flows in Section II. We also describe
the quality-rate model that we use to solve the optimization
problem. In Section III, we present distributed algorithms for
collaborative path partitioning and air-time reservation to solve
the collaborative resource exchange problem. In Section IV,
we present the cross-layer adaptation strategies. We present
simulation results in Section V and conclude in Section VI.

II. VIDEO SUB-FLOWS AND QUALITY-RATE MODEL

A. Partitioning Scalable Bitstream Into Sub-Flows

It has been shown in [21] that, in 802.11e enabled wire-
less networks, partitioning a scalable video flow into several
prioritized sub-flows can improve the number of admitted
flows, as well as the overall quality received by the peers.
Each sub-flow may be viewed as a separate quality layer
of the scalable bitstream. In order to generate our flows
we use a 3D wavelet video codec1 that employs a spatio-
temporal wavelet transform followed by embedded coding
[14]. The bitstream is partitioned into quality layers based
on the decoding distortion of different subbands and their
deadlines etc. Examples of partitioning one video flow into
multiple quality layers may be obtained from [23]. Each sub-
flow has an associated priority based on its distortion impact
and deadline constraint. Furthermore, there are dependencies
among sub-flows, i.e. the gains from decoding some sub-
flows are very limited if other sub-flows are not received. For
instance, we observe drift errors when we decode enhancement
layers without receiving the base layer. Although the distortion
impacts of several sub-flows have dependencies, each sub-
flow has its own admission control parameters and is admitted
independently by the wireless network. The collection of sub-
flows belonging to one end-to-end P2P connection is referred
to as an Aggregate Flow.

Let us assume that there are Np aggregate flows in the
network. We label aggregate flow y, as set Ψy (with 1 ≤ y ≤
Np). We partition these Np aggregate flows into N total sub-
flows and label sub-flow x as fx 1 ≤ x ≤ N . Sub-flow fx is
a part of the aggregate flow Ψy, if fx ∈ Ψy.

1Note that any other scalable or prioritized video coded bitstream can be
used in the proposed framework. For instance, a state-of-the-art H.264 based
coder can also be employed and various quality layers can be constructed
through data-partitioning or hierarchical B-frames.
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B. Quality-Rate Model: Utility for Collaborative Resource
Exchange

The incremental quality provided by the decoding of an
individual sub-flow (under the assumption of a fine-granular
partition) is determined by the following quality-rate model:

∆Qx = λx log (Bx) , (1)

where λx is a flow-specific parameter that depends on the
underlying video characteristics, encoding parameters etc. The
bit-rate Bx corresponds to the rate requirement of the sub-
flow. Our model is based on the work in [19] that models
decoded quality for a scalable codec.2 The quality parameter
λx typically increases with the distortion impact of a sub-
flow. The quality Qy received by the aggregate flow Ψy may
be computed as:

Qy = Q0
y +

∑
fx∈Ψy

λx log (Bx) , (2)

where Q0
y is a constant that also depends on the con-

tent characteristics, encoding parameters etc. Collaborative
resource exchange algorithms are used to admit sub-flows
and determine a path for each admitted sub-flow. If a sub-
flow fx is not admitted into the network, we do not add its
contribution to the quality of the aggregate flow. Moreover, all
sub-flows (enhancement layers) that depend on this sub-flow
are not included in the contribution to the decoded quality.
In particular, for sub-flow fx we define indicator variable
ωx ∈ {−1, 0, 1} that takes value -1 before the decision on
admitting the sub-flow is made, and takes values 1 and 0
based on whether the sub-flow is successfully admitted into
the network, or not. Hence, the decoded video quality for
aggregate flow Ψy based on all its sub-flows that are either
admitted or denied admission is:

Q̂y (Py) = Q0
y +

∑
fx∈Ψy

ωx �=−1

ωxλx log (Bx) . (3)

where Py is the set of paths selected for its sub-flows (one
path per sub-flow)3 during path provisioning, as described
in Section III. The available routing paths for any source-
destination pair, from which set Py is selected, may be
determined using existing path discovery algorithms for multi-
hop wireless networks or using protocols such as the Ad-
hoc On-demand Multipath Distance Vector (AOMDV) [33]
protocol.

We combine the individual quality experienced by each
aggregate flow into one end-to-end system utility function.
Different objectives can lead to various utility functions. For
instance, we may wish to maximize the total quality (MTQ)
received by all users, and the utility function may be written

2In general we can use a different quality-rate model without modifying
our optimization algorithms. Other such quality-rate models for scalable video
have been presented in [24], [25] and they could have been also deployed for
the proposed resource exchange framework.

3With a fine-granular partitioning into sub-flows, the overheads associated
with transmitting a sub-flow over multiple paths are likely to outweigh the
gains from additional path diversity.

as a sum of the qualities of all Np aggregate flows as

UMTQ =
Np∑
y=1

Q̂y (Py)

=
Np∑
y=1

⎡
⎢⎢⎣Q0

y +
∑

fx∈Ψy

ωx �=−1

ωxλx log (Bx)

⎤
⎥⎥⎦ . (4)

Alternately, instead of maximizing the total quality, we can
also maximize the minimum quality (MMQ) experienced by
any aggregate flow in the system. The MMQ utility may be
written as:

UMMQ = min
y

{
Q̂y (Py)

}

= min
y

⎧⎪⎪⎨
⎪⎪⎩Q0

y +
∑

fx∈Ψy

ωx �=−1

ωxλx log (Bx)

⎫⎪⎪⎬
⎪⎪⎭ . (5)

We design resource exchange algorithms that maximize these
utilities. We note that UMTQ and UMMQ serve as two
different system optimization policies that resource managers
might deploy for their system based on their application.

III. COLLABORATIVE RESOURCE EXCHANGES

We allow peers to collaboratively determine which sub-
flows they can admit into the network, and what paths they
should select for each admitted sub-flow, based on the average
underlying channel conditions, the bit-rate requirements of
each sub-flow, and their contribution to the different utili-
ties as defined in equations (4) and (5). Decisions on path
provisioning and admission control are made only when a
new flow arrives, an existing flow departs, or the network
topology changes. In this paper, the path provisioning and
routing of packets is not dynamically adapted. This limits the
complexity and delays involved whenever performing sophis-
ticated in-network processing. This is especially important for
video streaming applications, where the delay associated with
discovering new paths and performing dynamic routing are
often not tolerable.

In Section III.A, we present our system specification. Our
algorithms for collaborative admission control and path pro-
visioning are presented in Sections III.B-III.D. Finally, in
Section III.E, we quantify the worst-case overheads of the
information exchanges needed for these algorithms.

A. System Specification

Let us consider an intermediate node va and assume that
it receives a set of sub-flows from its neighbors, where
each sub-flow fx has an associated rate Bx, and experiences
channel conditions based on which neighboring node it is
transmitted from. Based on the experienced channel condition
(and the modulation strategy), flow fx is transmitted over a
link with an expected goodput G

a

x (that depends on the PHY
layer transmission rate T a

x and the packet loss probability εa
x

experienced by the link).
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We assume that the channel exhibits independent packet
losses.4 Let the neighboring node transmitting packets of
sub-flow fx to node va select physical layer mode θa

x. The
corresponding bit error rate e (θa

x) over this hop is [13]:

e (θa
x) =

1(
1 + eµ(s−δ)

) . (6)

where s is the underlying SINR, and µ and δ are constants. The
PHY layer transmission rate T a

x is the maximum achievable
rate for a given mode θa

x. Then, the packet error probability
εa
x that a packet of size Lx experiences during transmission

[4] is:
εa
x (Lx, θa

x) = 1 − (1 − e (θa
x))Lx . (7)

Hence, the expected goodput experienced by sub-flow fx,
when transmitted to node va is

G
a

x = (1 − εa
x (Lx, θa

x))T a
x (θa

x) . (8)

We assume that the service interval tSI for each node is
partitioned into a listening service interval t

(RX)
SI and a trans-

mission service interval t
(TX)
SI . In this paper we assume that

tSI , t
(RX)
SI and t

(TX)
SI are determined a priori and are the same

at each node. Furthermore, we assume that t
(RX)
SI � t

(TX)
SI

such that congestion exists mainly because of the limited
listening time.

Each receiving node polls its neighbors for a different
amount of time (within its fixed listening service interval
t
(RX)
SI ) based on the number of sub-flows competing for this

air-time, their priorities, and rate requirements. In particular,
a fraction ra

x(0 ≤ ra
x ≤ 1) of the listening time of node va is

allocated to fx. Hence, the equivalent rate of flow fx expected

to arrive at node va is min
{

G
a

xra
x

t
(RX)
SI

tSI
, Bx

}
. Clearly, if

G
a

xra
x

t
(RX)
SI

tSI
< Bx then the sub-flow fx does not receive its

desired rate requirement. When sub-flows are fine granular
partitions of the aggregate flow, it is often better to not admit
a sub-flow that does not receive its desired rate. Consequently,
this subflow should not be admitted over this link or over any
path containing this link.

B. Sub-Flow Admission Control

Let us first assume that for each aggregate flow Ψy we
have a set of paths Py , with path px ∈ Py assigned to sub-
flow fx ∈ Ψy . Given this selection, we need to solve the
air-time reservation per node and determine which sub-flows
can be admitted into the network such that we maximize
the desired utility. The order in which sub-flows should be
admitted depends on their impact on the end-to-end utility
function. From (1), the impact of sub-flow fx is directly
related to its quality parameter λx, its bit-rate Bx, and the
quality layer it belongs to.

4In [18] it was shown that the Gilbert-Elliot model for bit-errors in wireless
channels generates packet loss patterns that are statistically similar (within
~0.4%) to naïve independent bit-by-bit simulations. Using this argument we
translate the independent loss model to an independent packet loss probability
and generate results using one Bernoulli experiment per packet. This also
reduces the computational complexity of our experiments significantly (by a
factor of 100).

TABLE I

PSEUDOCODE FOR SUB-FLOW ADMISSION CONTROL FOR A GIVEN SET

OF PATHS (ONE PATH PER SUB-FLOW)

a. In order to maximize UMTQ, we admit sub-flows in
descending order of the fraction ∂(∆Qx)

∂Bx
= λx

Bx
as it represents

the tradeoff between quality (proportional to log Bx) and
resources allocated (proportional to Bx). With this order, we
may admit more sub-flows from one aggregate flow than the
other, potentially leading to a large variation in quality across
the different aggregate flows.

b. In order to maximize UMMQ, it is essential that
the variation in quality across the different aggregate flows
is minimized. Hence we admit sub-flows quality layer by
quality layer, i.e. we first admit quality layer 1 sub-flows for
all aggregate flows before we admit any quality layer 2 sub-
flows. Within the same quality layer we admit sub-flows in
descending order of the fraction λx

Bx
.

For each sub-flow, in order of this sorted list, we determine
the required time reservation fraction at all intermediate nodes
along its path. Hence, at each intermediate node va along path
px, we determine the desired time fraction Bx

G
a
x

tSI

t
(RX)
SI

. If that

is less than the remaining available listening time fraction
ρa(0 ≤ ρa ≤ 1), given the reservations for sub-flows with
higher priority, then the flow is admitted at node va. If the
flow can be admitted at all nodes along its path then it is
admitted into the network, and the time reservation fractions
at each intermediate node are modified appropriately, i.e. the
fraction Bx

G
a
x

tSI

t
(RX)
SI

is reserved at node va, and the available

listening time fraction ρa is decreased. If the bandwidth
requirement for the sub-flow is violated at any intermediate
node, then we discard it from the list along with all other
sub-flows that depend on it. The pseudocode for this sub-flow
admission control algorithm to determine which flows receive
their bandwidth end-to-end, given a selection of one path per
sub-flow, is presented in Table 1.
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C. Centralized Algorithm for Optimal Sub-Flow Admission
Control and Path Provisioning

We may use the sub-flow admission control algorithm in Ta-
ble 1, in conjunction with a centralized algorithm, to determine
the optimal path for each sub-flow. An exhaustive approach to
determining the optimal set of paths is to consider all sets of
possible path-sub-flow pairings (with one path per sub-flow)
and then pick the set that maximizes the appropriate end-to-
end utility. Clearly, if there are a total of Kx paths per sub-

flow, the total complexity of an exhaustive search is
N∏

x=1
Kx

(in terms of the number of path combinations). Since the
total number of subflows, and correspondingly paths per sub-
flow can be large, an exhaustive search can be prohibitively
expensive. Note that this complexity may be reduced through
intelligent pruning of paths based on the given static channel
conditions.

D. Distributed Algorithms for Optimal Sub-Flow Admission
Control and Path Provisioning

Alternately, we design distributed solutions to the wire-
less P2P admission control and path provisioning. In these
approaches, we solve the path provisioning for each sub-
flow individually, in a greedy manner. We decompose the
joint optimization into a set of successive path selection
problems, where in each step we determine one path per
sub-flow given the paths selected for other sub-flows. Using
this greedy approach, at each stage we need to consider only
Kx paths and the overall complexity decreases significantly

to
N∑

x=1
Kx (in terms of the number of path combinations).

Hence, the optimization can be implemented in a distributed
manner at each source peer. The success of such a distributed
approach depends heavily on the amount of collaboration
among source peers. We consider two sets of distributed
algorithms, collaborative and non-collaborative. In the collab-
orative approach, source peers exchange information about
the relative importance (in terms of the quality layer and
the quality-rate slopes) of each sub-flow and perform the
optimization sub-flow by sub-flow in order of the appropriate
sorted list. In the non-collaborative approach each source peer
performs the optimization independently. In both cases, source
peers are aware of the air-time reservations at all intermediate
nodes, made for all sub-flows.

1) Collaborative Distributed Path Provisioning Algorithm:
Source peers collaboratively determine the sorted list of sub-
flows in decreasing order of their contribution to the utility
function being considered. Hence, sub-flows are sorted in
descending order of the fraction λx

Bx
for maximizing UMTQ.

For maximizing UMMQ, sub-flows are first grouped based
on which quality layer they correspond to, and then sorted
within each quality layer in descending order of the fraction
λx

Bx
. For each sub-flow in this sorted order, the corresponding

source peer determines if there exists any path that provides
it with its desired bandwidth. If no such path exists, the
source node discards this sub-flow and all other sub-flows that
depend on it. If multiple paths exist that provide the required
end-to-end bandwidth for a sub-flow, the source node selects

the path that leads to the smallest amount of congestion (in
terms of contention for shared resources at different nodes).
The congestion at any node va in the network is measured
in terms of the fraction of its listening time that is already
reserved for sub-flows that pass through it. The larger this total
fraction is, the greater the congestion at the node. Hence, the
congestion at node va may be written as 1 − ρa, where ρa is
the fraction of available listening time. The source peer selects
among multiple paths that can provide the required end-to-end
bandwidth for the sub-flow, based on two different congestion
metrics:5

a. Bottleneck air-time congestion. Bottleneck conges-
tion for any path is defined as the maximum congestion
experienced at any node along it. Specifically, for any node
va that lies along the examined path, we compute 1 − ρa

(assuming that the current sub-flow is admitted, and given
information about other sub-flows already admitted). The
bottleneck congestion ξi

x for path pi
x (the i-th path of sub-

flow x) may be defined as ξi
x = max

va∈pi
x

{1 − ρa}, where we

use va ∈ pi
x to represent all nodes va that lie along the path

pi
x.

b. Mean end-to-end air-time congestion. Mean con-
gestion for any path is the mean congestion experienced
across all nodes that lie along it. The mean congestion φi

x

for path pi
x is defined as φi

x = 1
|pi

x|
∑

va∈pi
x

(1 − ρa), where
∣∣pi

x

∣∣
is the number of nodes in the path. The source node then
selects the path with the smallest end-to-end congestion given
the chosen congestion metric. Bottleneck end-to-end path
congestion is preferable when the network topology contains
bottleneck nodes (i.e. nodes through which several sub-flows
must necessarily pass, as in a star topology). Otherwise, it is
preferable to use mean end-to-end path congestion metrics.
Note that, regardless of the congestion metric, the sub-flow
under consideration will always be admitted if there exists
at least one path with enough resources to support it. The
congestion metric, however, may significantly influence how
subsequent sub-flows are admitted. The pseudocode for this
algorithm is presented in Table II.

2) Non-Collaborative Distributed Path Provisioning
Greedy Algorithm: We design a non-collaborative distributed
path provisioning greedy algorithm to compare with
the collaborative solution. In the non-collaborative path
provisioning, each source peer determines the paths for all of
its sub-flows (in order of their importance) before other peers
are allowed to determine paths for their sub-flows. Hence,
collaborative sorting of all sub-flows is not performed;
instead, each source peer sorts only its sub-flows in the
order of decreasing λx

Bx
(which is the same as sorting into

quality layers). Source peers then perform the optimization
independently and non-collaboratively in the order of their
arrival. The simulation results in Section V confirm that the
non-collaborative approach is not capable of admitting as
many high priority flows as the collaborative approach.

5Other measures of congestion such as intersection weighted congestion
(where each node’s reserved fraction is weighted by the number of flows that
pass through it) may also be considered.
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TABLE II

PSEUDOCODE FOR COLLABORATIVE DISTRIBUTED PATH PROVISIONING

ALGORITHM

E. Information Exchange Overheads

Collaborative distributed resource exchanges operate under
the assumption that certain control information can be propa-
gated throughout the network using the overlay infrastructure
[11]. In this section we develop a worst-case bound on the
total overhead introduced by information exchange between
peer nodes.

During path provisioning three different sets of messages
need to be exchanged. The first set consists of messages from
each source peer containing the sub-flow bit-rates Bx, priori-
ties λx, and corresponding quality layer tags in each aggregate

flow. The second set of messages includes information about
the link and channel conditions (SINR). The third set consists
of messages about the path px selected for each sub-flow fx

and the modified available listening time fraction ρa for every
node va in px. We define O0 as the average overhead incurred
when transmitting one information packet over one hop. It is
important to note that, O0 is likely to be small due to the
small size of information packets.

Consider a P2P scenario where Np aggregate flows (and
N total sub-flows) are pending admission. Let the maximum
number of paths available for any flow be K and the maximum
number of nodes along any path be M . Let V be the maximum
number of hops between any two nodes (V = M − 1). A
worst-case bound on the overhead costs for dispersing sub-
flow bitrate and priority requirements, Oflowreq , is,

Oflowreq ≤ O0V Np(Np − 1) (9)

since each peer needs to send messages to Np −1 other peers
over at most V hops. The above assumes each packet contains
rate and priority information for all sub-flows of one aggregate
flow. Overhead costs to collect channel information Ochannel

may be bounded by:

Ochannel ≤ O0V
2KNp. (10)

since each source peer needs information about at most V
hops for at most K paths, and each of these messages has to
traverse at most V hops to get to the peer. Finally, overhead
costs for exchanging path provisioning information Opathprov,
may be bounded by,

Opathprov ≤ O0V N (Np − 1)M (11)

since information about each of the at most M nodes along
the path selected for each subflow needs to be communicated
to the Np − 1 other source peers.

The above derived bounds are worst case and assume
no optimization in terms of message forwarding, multicast
message passing [11], incremental information exchange etc.
Significant savings in the total overhead may be achieved by
considering these schemes, but these are beyond the scope of
this paper. However, even with these worst case assumptions,
the total overhead is limited, and does not significantly limit
the scalability of the algorithms.

In a dynamic scenario, if link conditions change beyond a
preset threshold, some sub-flows may require re-routing. In the
worst-case, distributing the new network information for re-
routing requires MNp message transmissions. Additionally,
re-routing requires the path provision overhead of (11). We
note that, re-routing may be done in the background while the
higher priority sub-flows continue to be transmitted over their
previously assigned paths. Consideration of such dynamic
routing scenarios based on the priorities of the flows is a topic
for future research.

IV. CROSS-LAYER ADAPTATION STRATEGIES AT THE

WIRELESS PEERS

During collaborative resource exchange, the peers determine
which sub-flows can be admitted and what path each sub-
flow should take. However, this decision is made based on
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static (average or worst case) channel conditions and the rate
requirements of each sub-flow. In real transmission scenarios,
these underlying channel conditions vary based on the SINRs
experienced by the different peers. Hence, in order to adapt
to varying channel conditions each peer needs to dynamically
modify its cross-layer transmission strategy. In this section
we use Application layer packet scheduling (at the source
peer) in conjunction with dynamic MAC retransmission limit
adaptation and PHY layer modulation mode selection (at all
peers) to maximize the end-to-end video quality.

A. Application Layer Packet Scheduling and MAC Retrans-
mission Strategy

Given the set of video packets for each sub-flow fx as well
as their transmission deadlines, the source peer determines
which subset should be transmitted and in which order. Addi-
tionally, each intermediate peer determines the maximum per-
missible number of video-packet retransmissions under losses.
In our discussion in [20] we have shown that if we schedule
packets appropriately, then the optimal retransmission limit
(in terms of maximizing the decoded video quality) for any
packet may be directly computed, given the packet deadline,
the time needed to transmit the packet, and the current time
(which includes time taken by packets transmitted before the
current packet). Based on the results presented in [16], [17]
that determine the redundancy rate of forward error correction
(FEC) codes for scalably encoded data, we can show that, if
packets are sorted in order of their distortion impacts, then
the optimal retransmission strategy involves transmitting a
particular packet as many times as possible (without violating
its delay constraint) until it is successfully received. This is
because retransmission codes form a special class of FEC
codes for which the redundancy rate is directly proportional to
the probability of successfully receiving the data. In particular,
we have shown in [20] that for a scalable codec, the packets
need to be scheduled as follows:

• Packets are first ordered in increasing order of packet
decoding deadlines.

• Packets with the same decoding deadline are ordered in
terms of their impact on the decoded distortion, i.e. for a
3D wavelet coder in order of increasing spatio-temporal
frequency, and within one subband starting with the most
significant bitplane.

Once this scheduling is done, video packets are placed in
MAC frames (packets) and these are passed to the MAC layer
in the specified order. Hence, the optimal retransmission limit
Mopt

jx
for packet jx (from sub-flow fx being transmitted to

node va) may be computed as:

Mopt
jx

=

⎢⎢⎢⎣Deadlinejx − tcur

Ljx

T a
x

+ toverhead

⎥⎥⎥⎦ , (12)

where Deadlinejx is the decoding deadline for the packet,
T a

x is the PHY layer transmission rate, and �◦� is the floor
operation. The time tcur is the current time, which includes
the service interval duration, the time between transmission
opportunities, and finally the transmission time for packets
before the current packet. Lastly, the time toverhead represents

Fig. 1. Network Topology and Average Channel SINRs (in dB).

the duration of the required overheads corresponding to polling
and acknowledgment policies.

B. Adaptive PHY Layer Modulation Mode Selection

As mentioned earlier, the PHY layer modulation mode θa
x

determines the error probability εa
x as well as the transmission

rate Tx for sub-flow fx being transmitted to node va. Hence,
implicitly, the retransmission limit selected in equation (12)
is a function of θa

x. The goal of the adaptive modulation
strategy is to select the physical layer modulation mode θa

x that
maximizes the number of packets of fx that are successfully
received at va. Importantly, we perform this optimization once
for every transmission opportunity that sub-flow fx receives,
to limit the underlying computational complexity. Sub-flow
fx is allowed a transmission opportunity6 ra

xt
(RX)
SI within

each service interval tSI of node va. At the start of each
transmission opportunity, we determine θa

x that maximizes the
number of packets that can be successfully transmitted to node
va.

Given the underlying packet loss rate εa
x and the retrans-

mission limit Mjx for packet jx, the expected number of
transmissions7 equals:

mjx =
Mjx∑
i=1

i [1 − εa
x] [εa

x]i−1 + Mjx (εa
x)Mjx

=
1 − (εa

x)Mjx

1 − εa
x

, (13)

where we drop (θa
x, Ljx) for ease of notation, with Ljx being

the length of the packet. Hence, the expected time taken to
transmit packet jx (i.e. expected time before it is received at
node va) is:

τ jx = mjx

(
Ljx

T a
x

+ toverhead

)
. (14)

All packets are assumed to be transmitted their expected
number of times in order to determine the time taken by any

6Note that we maintain separate queues at the MAC for each sub-flow at
a node, and hence packets from one sub-flow do not experience any queuing
delay due to packets from another sub-flow.

7We use the expected number of transmissions because we cannot deter-
mine the actual transmissions without actually transmitting the packets.
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TABLE III

SUB FLOW CHARACTERISTICS

1Ψ Coastguard
1490 kbps 

114 vv →

2Ψ Mobile
2000 kbps 

146 vv →

3Ψ Foreman
1500 kbps 

110 vv →

4Ψ Hall
470 kbps 

92 vv →

Quality Layer 1 1f , 7.1241 =λ
4501 =B

5f , 5.1575 =λ
6405 =B

9f , 0.1149 =λ
4309 =B

13f , 0.15013 =λ
23013 =B

Quality Layer 2 2f , 2.142 =λ
3402 =B

6f , 5.166 =λ
4906 =B

10f , 8.1110 =λ
32010 =B

14f , 3.414 =λ
8014 =B

Quality Layer 3 3f , 9.43 =λ
3903 =B

7f , 9.47 =λ
5607 =B

11f , 1.411 =λ
39011 =B

15f , 2.215 =λ
8015 =B

Quality Layer 4 4f , 8.14 =λ
3104 =B

8f , 4.18 =λ
3108 =B

12f , 8.112 =λ
36012 =B

16f , 3.116 =λ
8016 =B

packet transmission. Hence, the total expected time to transmit
the first ηx packets for the flow fx is:

τ trans
ηx

=
ηx∑

jx=1

mjx

(
Ljx

T a
x

+ toverhead

)
. (15)

The maximum expected number of packets transmitted in the
transmission opportunity t

(RX)
SI ra

x is:

ηmax
x = argmax

ηx

{
τ trans

ηx
|τ trans

ηx
≤ t

(RX)
SI ra

x

}
. (16)

We thus need to select the modulation mode θa
x that maximizes

ηmax
x . In a typical 802.11a network this involves searching

through the available 8 PHY modulations to select the appro-
priate mode.

V. SIMULATION RESULTS

A. Network Topology and Multi-Hop Wireless Mesh Test-Bed

The network topology we used for our experiments, as
proposed in [30], consists of 15 wireless peers connected
to each other, and is shown in Fig. 1. We simulated the
multi-hop mesh network under predetermined transmission
intervals for each link. Our simulation took into account
different parameters for the various layers, such as varying
SINR, transmission overheads at the MAC layer due to packet
acknowledgements and polling overheads, as well as queuing
and propagation delays in the various links of the mesh
network. To incorporate the effect of noise and interference
[9], we performed a number of simulations, setting the mean
SINR of each link, between 15 and 25 dB and allowing
random perturbations around the mean to simulate the effects
of a time-varying channel. A path with a bad link (i.e. low
SINR) is often not viable compared to other paths available to
an aggregate flow. In this way, the proposed framework can
accommodate the case when a peer is out of range or has
left the network. The mean SINR for each link is listed (in
dB) in Fig. 1, and is inversely proportional to the distance
between the peers (represented by the length of the link).
Network feedback via the overlay network is conveyed to
each hop whenever a significant change in the experienced
channel condition occurs. Our wireless mesh network test-bed
simulates the 802.11a network with a maximum PHY layer
rate of 54 Mbps, and 8 modulation modes. It also includes a
realistic time reservation scheme, dynamic retransmissions at
the MAC layer, adaptive modulation at the PHY layer using
realistic channel models, and optimal distortion based ordering
of the aggregate flows’ packets at the APP layer.

TABLE IV

OPTIMIZED TOTAL QUALITY METRIC UMTQ

Number of Admitted Sub-Flows Congestion
Metric

Optimized 
MTQU

1Ψ 2Ψ 3Ψ 4Ψ

Resulting
MMQU

Centralized
Optimal - 964.80 2 2 4 4 211.31 

Bottleneck 963.44 3 2 2 4 204.02 Collaborative 
Distributed Mean 955.54 2 2 2 4 204.02 

Bottleneck 660.21 4 0 4 4 0 Non-
collaborative
Distributed Mean 451.65 4 0 4 0 0 

B. Flow Characteristics

We consider the transmission of four different aggregate
flows, with different sequence characteristics and bit-rates,
over this network infrastructure. The sequences selected are
CIF (352 × 288) with 300 frames at 30 frames per second.
We use a Group Of Pictures (GOP) structure with 16 frames in
each GOP, and a temporal decomposition with four temporal
levels. The end-to-end tolerable delay was set to one GOP, i.e.
0.54 seconds, and the MSDU frames were allowed a maximum
size of 1000 bytes.

Each aggregate flow is split into four quality layer sub-flows
by grouping packets from the same temporal level into one
sub-flow. The characteristics of the sub-flows, including their
rate requirements (in kbps), their quality parameters, and their
source and destination peers, are listed in Table III. The quality
parameter λx is determined for each sub-flow as the average of
the priorities of the packets within the sub-flow. Each packet’s
priority is determined by the importance of its content in terms
of distortion impact upon loss or gain of the packet. The
distortion impact is predicted based on the spatial and temporal
level the packet belongs to, dependencies between packets,
and packet content (i.e. motion vector, texture, color channel
information etc.). Within each aggregate flow, we normalize
the individual packet priorities to a maximum of 1000. More
details on this may be obtained from [21].

The source and destination peers are shown in Fig. 1, where
communicating peers share the same bounding box, with
outgoing and incoming arrows representing source and des-
tination respectively. From Table III, we notice that whether
we order sub-flows purely in terms of λx

Bx
or first in terms of

quality layers and then in terms of λx

Bx
, the resulting sorted

lists are very similar (due to the near monotonic relationship
between λx

Bx
and the quality layer). This indicates that results

are likely to be similar whether we optimize UMTQ or UMMQ.
We have observed similar results using different sets of video
sequences encoded at several bit-rates (500-2000 Kb/s) and
using 2 to 5 quality layers (temporal decomposition levels)
per flow.

C. Results

In Table IV and Table V, we present results on collaborative
resource sharing among peers determined based on the average
channel SINRs shown in Fig. 1. In Table IV, we present
results obtained by optimizing UMTQ, and in Table V, we
present results from optimizing UMMQ. We show the overall
resulting utility (both metrics), as well as the discarded sub-
flows for both congestion metrics. The distributed collabora-
tive algorithms have a performance similar to the centralized
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TABLE V

OPTIMIZED MINIMUM QUALITY METRIC UMMQ

Number of Admitted Sub-Flows Congestion
Metric

Optimized 
MMQU

1Ψ 2Ψ 3Ψ 4Ψ

Resulting
MTQU

Centralized
Optimal - 211.31 2 1 4 4 964.80 

Bottleneck 204.02 2 2 2 4 955.54 Collaborative 
Distributed Mean 204.02 2 2 2 4 955.54 

Bottleneck 0 4 0 4 4 660.21 Non-
collaborative
Distributed Mean 0 4 0 4 0 451.65 

TABLE VI

AVERAGE PSNR (DB) RESULTS (3 RUNS WITH 300 VIDEO FRAMES PER

RUN)

Coastguard
114 vv →

Hall
92 vv →

Dynamic Cross-Layer 27.31 34.57
Fixed Retry and PHY mode 24.96 29.09

exhaustive approach (within 3.5%) in terms of both utilities,
which corresponds to at most admitting two less sub-flows.
At the same time, they significantly outperform the non-
collaborative approach (by > 30%) which often discards all
sub-flows of an aggregate flow. We note that in all tests we
have performed, with quality layers determined by tempo-
ral levels, the distributed collaborative algorithms have near
optimal performance and always significantly outperform the
non-collaborative approach. We omit a comprehensive set of
results due to space constraints, however, the presented results
are indicative.

Interestingly, we observe that the use of bottleneck conges-
tion metrics leads to better performance for the collaborative
algorithm. This is because our selected topology and source
destination peers require that a large number of sub-flows
pass through common bottleneck nodes (e.g. v7, v3). As
expected, whether we optimize UMTQ or UMMQ, we achieve
similar results, as may be seen by comparing Table IV against
Table V. We reiterate that UMTQ and UMMQ serve as two
different system optimization policies that resource managers
might deploy for their system based on their application. In
general, optimizing UMTQ does not achieve optimal UMMQ

and UMMQ admits sub-flows from different aggregate flows
more equitably.

We repeat our experiments for a network with greater
congestion, and observe that the distributed collaborative algo-
rithms perform within 10% of the centralized algorithm. Also,
collaboration during resource sharing always leads to a benefit
(~50% in this case) in terms of the overall system utility.

We also quantify the importance of using dynamic cross-
layer optimization on the average decoded PSNR for the
Hall and Coastguard sequences. We compare our dynamic
cross-layer optimization strategies (as described in Sections
IV.A. and IV.B.) against a strategy that uses fixed MAC
retransmission limits and a fixed modulation at the PHY layer,
and the same optimal packet ordering at the APP layer as in
the cross-layer case. The MAC retransmission limit is set to
2 for all packets, as it corresponds to the mean number of
retransmissions experienced with a dynamic strategy, given
the delay constraint of 1 GOP. The PHY layer mode is

TABLE VII

NUMBER OF ADMITTED SUB-FLOWS FOR THE ORIGINAL FLOWS (USERS)

WHEN TWO ADDITIONAL FLOWS (USERS) ARE ENTERING THE NETWORK

Admitted Sub-flows        
(4 flows)

Admitted Sub-flows 
(6 flows)

Congestion
Metric

1Ψ 2Ψ 3Ψ 4Ψ 1Ψ 2Ψ 3Ψ 4Ψ 5Ψ 6Ψ

Bottleneck 3 2 2 4 2 1 3 2 4 2 Collaborative 
Distributed

MTQU Mean 2 2 2 4 2 1 3 3 4 1 

Bottleneck 2 2 2 4 2 1 3 2 4 2 Collaborative 
Distributed

MMQU Mean 2 2 2 4 2 1 3 3 4 1 

selected based on the mean SINR of each link. Table VI
shows that with dynamic cross-layer optimization, we achieve
significant gains (2-5dB) over using fixed retransmission limits
and modulation strategies. These improvements are due to
the optimal use of allocated bandwidth by the cross-layer
optimized transmission strategies. All of the PSNRs in Table
VI are for 300 frames, averaged over 3 sample runs that each
use the flow specifications in Table III, the average network
conditions in Figure 1, and the time reservations and path
assignments obtained using the collaborative distributed algo-
rithm for optimization of UMTQ (with bottle-neck congestion
metric).

Table VII shows how the admitted sub-flows for 4 aggregate
flows change when two additional flows are introduced in the
network and also the admitted sub-flows of the new aggregate
flows. Our additional two flows are at 1.5Mb/s and 1.0Mb/s,
with source-destination peers v7-v15 and v3-v12, respectively.
From the results, we note that the addition of two aggregate
flows into the network significantly changes the admitted sub-
flows of the four original aggregate flows. Our admission
control and path-provisioning algorithms gracefully reduce the
quality of the current P2P streams in order to allow more
P2P streams to simultaneously coexist. In a non-collaborative
scheme, where the original video streams do not adjust their
quality, there may not have been enough available bandwidth
to accommodate any sub-flows from the two additional P2P
streams.

VI. CONCLUSION

In this paper, we propose multi-user collaborative algo-
rithms for optimizing P2P multimedia transmission over wire-
less multi-hop enterprise networks. We consider a scenario
with multiple pairs of peers transmitting scalably encoded
video (partitioned into multiple sub-flows) to each other over a
shared infrastructure. We design distributed algorithms for P2P
resource exchange, including collaborative admission control,
path provisioning, and air-time reservation at intermediate
nodes. We compare the performance of these distributed
resource exchange algorithms under different levels of col-
laboration against centralized optimal allocation strategies.
We show that the collaborative distributed resource exchange
algorithm performs within 10% (in terms of system utility)
of the centralized approach with significantly reduced com-
plexity. Furthermore, the collaborative strategy significantly
outperforms (by ~50%) the noncollaborative strategy that is
typically employed in current streaming systems.

We also design real-time cross-layer optimization strate-
gies, including Application layer scheduling, MAC layer re-
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transmission and PHY layer modulation mode selection at
all source and intermediate peers such that the end-to-end
multimedia quality is maximized under dynamically varying
channel conditions. We show that for channel variations of
1-2 dB per link we can improve the end-to-end multimedia
quality received by any sub-flow by approximately 2- 5 dB in
PSNR.

There are several possible extensions of this research. In
this paper we ignore variations in channel SINR due to
interference from transmitting neighboring peers. A direct
extension is to use an interference matrix, or a simplified
elementary rate matrix approach to schedule peer transmis-
sions such that the interference is minimized. This will also
correspondingly require modifications to the resource sharing
and cross-layer adaptation strategies. Furthermore, these dis-
tributed resource management schemes may also be combined
with P2P routing algorithms such as flooding to dynamically
discover the optimal path between source and destination peers
given information about other flows in the network, and the
underlying channel conditions. Finally, these algorithms may
also be extended to support multicast routing by decomposing
multicast flows into several “virtual” unicast flows and using
these virtual flows to interface with the proposed algorithms.
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