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ABSTRACT
In this paper, we study the problem of rate control over a wire-
less network with intersession network coding. We formulate
the general problem as a utility maximization problem, show
that it has a distributed solution and demonstrate convergence
through numerical simulations. Rate control for video stream-
ing fits naturally within this framework. However, the time-
varying nature of video content implies time-varying utilities
and affects the underlying network coding opportunities. A
key observation is that by delaying some scenes and by opti-
mizing the rate allocation over longer time intervals, we can
create more network coding opportunities and thus achieve
higher total utility. We develop distributed rate allocation
schemes that exploit this observation and we demonstrate the
benefit through numerical simulations. This paper is a step to-
wards understanding the interaction between rate control and
network coding and eventually towards making media trans-
port protocols network-coding aware.

Index Terms— Rate allocation, network coding, video
streaming, wireless networks, utility maximization, cross-
layer design for wireless multimedia transmission.

1. INTRODUCTION

Recently, it has been shown that network coding (i.e. mix-
ing packets from different flows at wireless routers, so as to
increase the information content of each transmission) com-
bined with broadcast transmission over wireless channels can
increase the overall throughput [1, 2]. In this paper, we study
media traffic transmitted over such networks, i.e. multi-hop
wireless networks with one-hop network coding for unicast
flows. We assume that the network codes are constructed by
an underlying layer, such as COPE [1], and we focus on the
optimal allocation of flow rates among users and codes.

In particular, we are interested in understanding the inter-
action between rate-control at the transport layer and the un-
derlying network coding. When network coding is used, the
achievable rate region per node gets extended, which clearly
affects the rate allocation. Conversely, the flow rates cho-
sen at higher layers affect the network coding opportunities
among flows and eventually the total achievable throughput
and utility. For example, when two flows in reverse direc-
tions are coded together and their rates are similar, there are
more network coding opportunities and therefore higher over-
all throughput, compared to when their rates are different. We

are interested in rate allocation for video over wireless with
network coding, so as to maximize the total utility of users.

As a first step, we formulate the problem of rate allocation
and scheduling over a wireless network with one-hop inter-
session network coding as a utility maximization problem,
using the link-based framework [3]. We show that it can be
decomposed into two independent rate-control and schedul-
ing parts. The rate control part can be solved in a decentral-
ized way at the sources and we demonstrate the convergence
of the distributed rate control scheme through numerical sim-
ulations. The scheduling part is not the focus of this paper
and we assume that existing proposals can be used [4–6].

As a second step, we consider specifically video stream-
ing over wireless network coding, which fits naturally within
the above rate control framework (e.g. as opposed to the
window-based rate control in TCP). In addition, the utility
functions must reflect the characteristics of video sequences,
including their rate-distortion characteristics and the impor-
tance of different scenes to the users. A key observation is that
the video utility varies over time depending on the video con-
tent; as a result, two or more video streams can have different
rates over a short-time scale even though they may have sim-
ilar rates in longer time scales. We propose to introduce addi-
tional delay in some scenes and to optimize the rate allocation
over longer time intervals, so as to increase the network cod-
ing opportunities and eventually the total utility. Furthermore,
this time interval should be selected so as to optimize the de-
lay vs. utility tradeoff. We formulate the problem, develop
a distributed solution and evaluate its performance, compared
to the general rate control scheme, via numerical simulations
in some basic but illustrative examples.

The rate control schemes studied in this paper provide in-
sights into the interaction of network coding and rate control
and can eventually be used as a guideline to make practical
media transport protocols network coding-aware.

The paper is organized as follows. Section 2 presents re-
lated work. Section 3 gives an overview of the system model.
Section 4 discusses rate control over wireless network with
network codding. Section 5 discusses rate control for video
streaming with time-varying video content over wireless with
network coding. (Both sections 4 and 5 include a problem for-
mulation, the distributed solution for rate control, numerical
results for some basic examples, and discussion/guidelines for
practical design.) Section 6 concludes the paper and discusses
future directions.



2. RELATED WORK

The network coding paradigm has emerged from the pioneer-
ing work in [7, 8], which showed that, in multicast networks
where intermediate nodes do simple linear operations on in-
coming packets, one can achieve the min-cut throughput of
the network to each receiver. The linearly combined packets
can be used at the receivers to recover the original packets
by solving a set of linear equations over a finite field. This
breakthrough idea inspired a large body of work in several di-
rections [9]. In the context of wireless networks, it has been
shown that network coding can exploit the broadcast nature
of the wireless medium to increase throughput [2, 10]. The
work in [1] transferred these ideas from the network coding
to the systems community and implemented a prototype for
opportunistic wireless network coding.

Independently, resource allocation problems, including
rate control, scheduling and routing, have been extensively
studied in communication networks, [11–13]. Resource al-
location problems have also been studied specifically in the
context of wireless networks, which are more challenging due
to their dynamic, time-varying and multi-access nature; an
excellent review can be found in [3]. In [4], joint routing, rate
control and scheduling in wireless networks has been studied
and two approaches have been proposed for the problem: a
network-centric and a link-centric approach. Both can de-
compose the problem but the scheduling part remains hard; to
overcome this problem a greedy approach has been proposed
in [5] and implemented in [6].

Resource allocation problems when network coding is
used are gaining interest, especially for multicast flows.
In [14], schemes were proposed for minimum cost multi-
cast connections over network coded wireline and wireless
networks. This work was extended for rate control in [15]
for wireline networks. Another extension was [16], on rate
control, routing and scheduling for intra-session network
coded wireless networks, using the generation-based network
coding proposed in [17]. The rate region when network cod-
ing is used was studied in [18, 19]. In contrast to all these
works, we consider rate control and scheduling over wire-
less networks when inter-session one-hop network coding is
used (as in [1]) . The works closest to ours are: [20], which
considers optimal scheduling for opportunistic network cod-
ing; [21], which considers optimal routing for COPE [1] as
well; and [22] which extends [14] for opportunistic network
coding over wireless networks for energy efficient transmis-
sion. Different from these works (i) we adopt the link-centric
framework, which puts more responsibility on the end-hosts
compared to the node-centric framework and (ii) we focus on
the video-specific aspects.

In the video community, video specific rate control and
playout optimization have been extensively studied in the
past, albeit not for networks with network coding. Works
close to ours include, but are not limited to, the follow-
ing: [23], which controls the playout to make the video rate
smoother by adapting to varying wireless channel capac-
ity; [24], which studied joint scheduling and playout consid-
ering the video content; [25], which developed congestion-

distortion optimized distributed rate allocation for streaming
over wireless with heterogeneous links. The time-varying
video content was also taken into account in [26]: scenes with
different rates were transmitted over a channel with fixed and
limited data rate; by delaying some scenes when the rate of a
scene was higher than the channel rate, delay-distortion opti-
mized streaming was achieved. Different from these works,
we consider network coding over wireless networks; in this
case, the maximum achievable channel data rate is no longer
fixed but depends on the transmitted data rate. Our focus is on
the interaction between flow rates and achievable rate region
so as to maximize the total video utility.

3. SYSTEM OVERVIEW

Wireless Network. We consider a wireless mesh network
with N nodes. Nodes are connected to other nodes in the
same communication range through hyperarcs. A hyperarc
(i, J) is a collection of links from node i to a non-empty set
of nodes J ⊂ N , which are in the range of i and are inter-
ested in receiving the same network code through a broadcast
transmission from i. Let A be the set of all hyperarcs. The
network can be viewed as a directed hypergraph H = (N, A).

Transmissions over different hyperarcs may interfere with
each other. We consider the protocol model of interference
[27], according to which, each node can either transmit or re-
ceive at the same time and all transmissions in the range of
the receiver are considered as interfering hyperarcs. For each
hypergraph H , we can construct a conflict graph Ac, whose
nodes correspond to hyperarcs and whose edges indicate in-
terference between them. A clique Aq

c in the conflict graph
consists of several hyperarcs, at most one of which can trans-
mit at the same time without interference.

Sources. Let S be the set of flows transmitted over this
network, between some known source-destination pairs. Each
flow is associated with a flow rate xs and a utility function
U(xs), which is, in general, an increasing and concave func-
tion of the rate xs. The goal in this paper is to maximize the
total utility function of all sources.

In the case of video streaming, the utility function depends
on the video content and therefore varies over time. This
variation may be negligible for short time periods but must
be taken into account over longer time periods. We assume
that a video stream is divided into scenes, where each scene
consists of a number of consecutive frames that have similar
content. Furthermore, scenes may differ in their importance;
e.g., during a soccer game a scene showing a goal is more
important than a scene showing the spectators. Therefore, the
utility function of a scene should account for both the rate and
the importance, both of which depend on the video content.
We discuss the video sources in detail in section 5.

Routing. In this paper, we consider that each flow s fol-
lows a single path Is from the source to the destination. Paths
are pre-determined by a routing protocol and given as input
to our problem. (Extensions of the model to multiple paths is
possible but omitted here.) However, note that several hyper-
arcs may connect two consecutive nodes in the path, as ex-



Table 1. Notation
Notation Definition

N Set of nodes

A Set of all hyperarcs

H Hypergraph with set of nodes N and set of hyperarcs A

S Set of flows

xs Rate of flow s ∈ S

(i, J) Hyperarc: collection of links from i to j ∈ J ⊆ N

(J 6= ∅). J consists of the neighbors of node i that are
interested in a specific network code transmitted (broad-
cast) over (i, J).

Hs
i,J Indicator function that shows whether flow s is transmit-

ted over hyperarc (i, J).

xs
i,J Rate of flow xs transmitted over hyperarc (i, J)

zk
i,J Data rate over hyperarc (i, J) allocated for network

code k

ξs
i,J Probability that flow s is received correctly by its desti-

nation j ∈ J over hyperarc (i, J)

K Set of network codes over (i, J).

Sk Set of flows that are coded in the kth network code for
k ∈ K

ηi,J (s) A function that maps ((i, J),s) to the corresponding net-
work code k. (Note that since flow s can be included
to only one network code k over hyperarc (i, J), this
matching is unique)

Is Set of nodes over the path of flow s.
Ri,J Maximum achievable rate over hyperarc (i, J)

τk
i,J Percentage of time that hyperarc (i, J) is used for net-

work code k ∈ K (using time sharing)

γ Over-provisioning factor

Ac Conflict graph of hypergraph H . It captures the con-
flicts among edges according to the protocol model of
interference

Aq
c A clique in the conflict graph Ac

qk,s
i,J Lagrange multiplier: it represents the queue size at node

i, for packets of flow s transmitted over hyperarc (i, J)

plained below.
One-hop network coding. In the network under study,

intermediate nodes are assumed to use one-hop network cod-
ing. They mix packets from different flows, using simple net-
work coding operations (XOR) as in COPE [1] and broad-
cast the coded packets to the one-hop neighborhood. Nodes
in the same neighborhood listen to each other’s transmission
and store overheard packets; these are used later to decode re-
ceived coded packets and also to construct new coded packets.
We focus on scenarios where network coding opportunities
are created by traffic patterns of cross-flows and by overhear-
ing packets. For example, such cross-patterns are created by
the chain, X, cross, and wheel topologies in [1], but not by the
downlink topology, where packet losses as well as overhear-
ing create network coding opportunities. The reason we make
this distinction is that we want to deterministically know in
advance the network codes K to which we allocate rates.

A BRelayx1 x2

max{x1, x2}

x1
A,{Relay} (non-NC) x1

Relay,{B} (non- NC)

x1
Relay,{A,B} (NC)

x2
B,{Relay}(non-NC) x2

Relay,{A} (non-NC)

x2
Relay,{A,B} (NC)

Fig. 1. Alice-and-Bob example. Alice (A) and Bob (B) send
flows x1 and x2 to each other through a Relay node. Nodes use the
same frequency and share the channel capacity (say R) using time shar-
ing. The relay node can transmit (broadcast) parts of these flows un-
coded (x1

A,{Relay}, x1
Relay,{B}, x2

B,{Relay}, x2
Relay,{A}) or coded

(x1
Relay,{A,B}, x2

Relay,{A,B}). Packets in the coded flows are constructed
by XOR-ing packets from the two flows [1]. The flow conservation for the
first flow requires that x1 = x1

A,{Relay} = x1
Relay,{B} + x1

Relay,{A,B};
similarly for the second flow. There are five hyperarcs: (A, {Relay}),
(Relay, {B}), (B, {Relay}), (Relay, {A}) and (Relay, {A, B})

Furthermore, our focus is on rate allocation and we study
a flow-based model: we assume that the content of the codes
is constructed by the underlying scheme (COPE), and we fo-
cus on determining the rates that should be assigned to every
code. In particular, every intermediate node on the path of
flow s may create several feasible network codes (including
the option of no network coding) for that flow. In the flow-
based model, all these network codes may carry a part (xs

i,J )
of the total flow (xs). Note, that for every node i ∈ Is, there
may be multiple hyperarcs (i, J), such that j ∈ J where j is
the next hop of i on path Is.

The example shown in Fig.1 presents the simplest cross-
flow scenario and clarifies the above notations. A and B talk
to each other through the relay. A’s and B’s packets are com-
bined and broadcast on the downlink, and since both A and B
know what they have transmitted, they can decode.

Control Variables. In this paper, each source node s ∈ S
computes its optimal flow rate xs, as well as the part of the
flow (xs

i,J ) that should be transmitted over each hyper-arc
(i, J) using network code k = ηi,J (s) ∈ K. The source
distributes this information to every node on its path. On
the other hand, intermediate nodes construct network codes
for all hyperarcs originated from them (using COPE), create
queues for each network code and source, and update queues
according to the incoming and outgoing flow rates. They
also do scheduling, i.e., allocate rate zk

i,J to code k on hyper-
arc (i, J), according to the channel rate and conflict graph;
the scheduling part is not the focus of this paper and we as-
sume perfect scheduling, as discussed in the next section. We
also assume that each node knows when and what to transmit
perfectly, i.e., channel access mechanisms and packet level
scheduling is out of scope in this paper; so is routing.



4. RATE CONTROL AND SCHEDULING OVER
WIRELESS WITH NETWORK CODING

Formulation: We follow the link-based approach in [3,4] for
cross-layer optimization of wireless networks and extend it to
include network coding. Our goal is to optimize the total util-
ity

∑
s∈S Us(xs) via rate control; scheduling is a necessary

part of the formulation and routing is assumed known (deter-
mined by a separate routing protocol).

max
x, τ

∑

s∈S

Us(xs)

s.t xs =
∑

{J|(i,J)∈A,i∈Is}
xs

i,J , ∀s ∈ S, i ∈ Is

xs ≥ 0, xs
i,J ≥ 0

zk
i,J = Ri,Jτk

i,J , ∀(i, J) ∈ A, ∀k ∈ K
∑

(i,J)∈Aq
c

∑

k∈K

τk
i,J ≤ γ,∀Aq

c ∈ Ac

Hs
i,Jxs

i,J ≤ zk
i,Jξs

i,J , ∀k ∈ K, ∀s ∈ Sk, ∀(i, J) ∈ A

(1)

The rate control aims at selecting the rate xs ≥ 0 at each
source s ∈ S, and the parts of it (xs

iJ ≥ 0) that are trans-
mitted over each hyperarc on the path Is using predetermined
network codes k ∈ K. The first constraint expresses the flow
conservation of flow xs at each node i along its path Is to-
wards the destination: the total flow rate xs may be trans-
mitted over different hyperarcs with different network codes
and rates xs

i,J . The scheduling problem is expressed in the
third and fourth constraint and aims at selecting rates zk

i,J for
each network code k ∈ K over hyperarc (i, J) ∈ A, based
on the interference constraints. Let the maximum rate we
can transmit over hyperarc (i, J) be Ri,J and determined by
the physical layer; assuming that different codes time-share
the channel, let τk

i,J be the percentage of time that network
code k uses the hyperarc (i, J). The fourth constraint cap-
tures the conflicts due to interference, similarly to [21]: dif-
ferent network codes over the same hyperarcs and nodes in
the same clique cannot transmit at the same time and thus
share the available transmission time, or equivalently the rate.∑

(i,J)∈Aq
c

∑
k∈K τk

i,J should be equal to 1 in the ideal case
(when everybody knows when to transmit) or equal to γ ≤ 1
in practice (when channel access, collisions etc. are taken into
account). The last set of constraints refers to flows (s ∈ Sk)
coded together in the same network code k and transmitted
over the hyperarc (i, J) (Hs

i,j = 1). These flows coexist and
do not compete for the total rate zk

i,J allocated to code k. (In
fact, if ξs

i,J is the probability of successful transmission from
node i to its destination node j ∈ J then zk

i,Jξs
i,J is the effec-

tive rate used by code k after excluding packet losses.) The
maximum rate of these network coded flows (s ∈ Sk) should
be up to the effective rate zk

i,Jξs
i,J of the code k, which means

that the rate of each one of them (Hs
i,jx

s
i,J ) should be up to

zk
i,Jξs

i,J ; thus the last set of constraints, one for each s ∈ Sk.
Distributed Solution. The last set of constraints couples

together the rate control and scheduling problems. Using la-

grangian relaxation (for each of these constraints, with mul-
tiplie qk,s

i,J respectively) and by appropriately re-arranging the
terms and constraints (details omitted for brevity) the problem
is decomposed into the following parts.

Rate Control: The rate control problem is decoupled from
scheduling and can also be further decomposed into a num-
ber of rate-control subproblems, each of which can be solved
independently at each source using only feedback from the
network (about the queue sizes q

ηi,J (s),s
i,J ).

max
xs

[Us(xs)−

(
∑

i∈Is

∑

{J|(i,J)∈A,i∈Is}
q

ηi,J (s),s
i,J Hs

i,Jxs
i,J )]

s.t. xs =
∑

{J|(i,J)∈A,i∈Is}
xs

i,J , ∀i ∈ N,

xs ≥ 0, xs
i,J ≥ 0,

(2)

where k = ηi,J(s); ηi,J (s) is a function that maps hyperarc
(i, J) and flow s to a unique network code k ∈ K; recall that
s can use only one network code over hyperarc (i, J).

This problem can be solved by constrained convex opti-
mization. However, the objective function in Eq. (2) is con-
cave but not strictly concave. Therefore, the variables xs

i,J ’s
oscillate when we solve this optimization problem directly.
To address this problem we used two methods from the litera-
ture: the augmented lagrangian and the proximal method [28].
Both methods give an exact solution since they are equiva-
lent problems of Eq. (2); they also have the same complex-
ity. However, the proximal method was more successful in
eliminating the oscillations; therefore, in the following we
only present results based on that. In particular, the proximal
method considers the following problem, which is equivalent
to the original one in Eq. (2):

max
xs

[Us(xs)− (
∑

i∈Is

∑

{J|(i,J)∈A,i∈Is}
q

ηi,J (s),s
i,J Hs

i,Jxs
i,J)]

−c((xs − ys)2 +
∑

i∈Is

∑

{J|(i,J)∈A,i∈Is}
(xs

i,J − ys
i,J)2)

s.t. xs =
∑

{J|(i,J)∈A,i∈Is}
xs

i,J ,∀i ∈ N,

xs ≥ 0, xs
i,J ≥ 0, ys ≥ 0, ys

i,J ,≥ 0,

(3)

where c is a small positive constant, and {ys : ∀s ∈ S} and
{ys

i,J : ∀s ∈ S, {i, J} ∈ A} are auxiliary variables intro-
duced by the proximal method to eliminate oscillations. Peri-
odically, ys is set to xs and ys

i,J is set to xs
i,J and the iteration

continues using the new values of auxiliary variables.
Scheduling:

max
τ

∑

(i,J)∈A

∑

k∈K

Ri,Jτk
i,JQk

i,J

s.t.
∑

(i,J)∈Aq
c

∑

k∈K

τk
i,J ≤ γ, ∀Aq

c ∈ Ac

(4)
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Fig. 2. Convergence of variables for the Alice-and-Bob example and similar utilities: U(x1) = log(x1), U(x2) = log(x2).

0 50 100 150 200 250
0

2

4

6

8

10

Iteration Number

R
at

e

 

 
x1(t2)
x11(t2)
x12(t2)
x13(t2)

(a) Convergence of rate x1 (where x11 = x1:
uplink rate, x12: downlink non-coded rate, x13:
downlink coded rate).

0 50 100 150 200 250

0

2

4

6

8

10

Iteration Number

R
at

e

 

 

x2(t2)
x21(t2)
x22(t2)
x23(t2)

(b) Convergence of rate x2 (where x21 = x1:
uplink rate, x22: downlink non-coded rate, x23:
downlink coded rate).

0 50 100 150 200 250
0

0.1

0.2

0.3

0.4

0.5

Iteration Number

q 
va

lu
es

q1
q2
q3
q4
q5
q6

(c) Convergence of queue sizes associated with
the rates (q1 with x11, q2 with x22, q3 with x12,
q4 with x13, q5 with x23, q6 with x22).

Fig. 3. Convergence of variables for the Alice-and-Bob example and different utilities: U(x1) = 4 log(x1), U(x2) = log(x2).

where Qk
i,J =

∑
s∈S qk,s

i,J ξs
i,J . This problem must be solved

for all the hyperarcs in the network considering the interfer-
ence model, so as to determine the percentage of time τk

i,J

that hyperarc {i, J} should be used for network code k. This
problem is known to be NP-hard: since the constraints are
over all cliques we need to find all maximum cliques, which
is the complement of the independent set problem. As ex-
plained in [4], this problem can be converted to a maximum
weighted matching problem, for which heuristics have been
developed in other contexts [29, 30], and specifically in the
context of scheduling for ad-hoc networks [5,6]. Since the fo-
cus of this paper is on rate control and not on scheduling, we
assume perfect scheduling but we note that (i) such heuristics
should be employed in practice and (ii) the effect of imperfect
scheduling on rate control must be investigated.

Parameter Update: We use a subgradient method to iter-
atively calculate the solution to problems (3) and (4):

qk,s
i,J (t + 1) = {qk,s

i,J (t) + βt[Hs
i,Jxs

i,J − zk
i,Jξs

i,J ]}+ (5)

where βt is a small constant that determines the convergence
rate of our algorithm. qk,s

i,J is the Lagrange multiplier and can
also be interpreted as the queue size at node i for the part of
flow s transmitted over hyperarc (i, J) with code k.

Numerical Results for Rate Control. We now show re-
sults for the rate allocation problem for the Alice-and-Bob
example of Fig. 1, using the proximal method in Eq.(3) and
assuming perfect scheduling. In particular, we show the con-
vergence of rates (x1, x11, x12, x13 and x2, x21, x22, x23)

and of the queue sizes qk,s
i,J . For brevity of notation in this

discussion as well as in Figures 2 and 3, we renamed the
flow rates mentioned in the Alice-and-Bob example in Fig.1.1

There are also six lagrange multipliers (queue sizes), one as-
sociated with each of these flow rates.2 Although any con-
cave function can be used as utility, we choose to use log-
arithms , i.e., the form U(xs) = ws log(xs), which are typi-
cally used to provide weighted proportional fairness. We con-
sider two scenarios: (i) sources with the same utility function
U(x1) = log(x1), U(x2) = log(x2) and (ii) sources with dif-
ferent utility functions U(x1) = 4 log(x1), U(x2) = log(x2).

Fig. 2 shows the numerical results for the first scenario.
The main observation is that both rates and queue sizes con-
verge. Furthermore, x1 and x2 converge to the same value be-
cause they have the same utility function. A closer look also
reveals that the crossing flows x1 and x2 are always coded
at the intermediate node: the network-coded flows (x13 and
x23) converge to the values of the total flows x1, x2, while the
non-network coded flows (x12 and x22) converge to 0.

1The renaming is as follows. x11 = x1
A,{Relay} and x21 =

x2
B,{Relay} are still the original flows sent on the uplink. x12, x13 are the

non-coded and coded parts of x1 sent on the downlink: x12 = x1
Relay,{B}

and x13 = x1
Relay,{A,B}. x22, x23 are the non-coded and coded parts of

x1 send on the downlink: x22 = x2
Relay,{A} and x23 = x2

Relay,{A,B}.
The flow conservation dictates that x1 = x11 = x12 + x13 and x2 =
x21 = x22 + x23.

2q1 and q2 are associated with x1 and x2; q3 and q4 are associated with
x12 and x13; q5 and q6 are associated with x23 and x22.



Fig. 3 shows the numerical results for the second scenario.
Both rates and queue sizes converge again. However, because
the utility of the first user is now weighted more (w1 = 4)
than the second (w2 = 1), this user ends up transmitting at
higher rate. In this case, some part of the flows is network
coded (x13, x23) while the rest is transmitted without any cod-
ing (e.g. x12 > 0).

Discussion. Our distributed rate allocation works for any
one-hop network coded wireless mesh network where coding
opportunities are created by wireless cross flows; e.g., this
includes the chain, X, cross and wheel topologies in [1] and
their extensions. Each source computes its own total rate xs

and how to allocate it (xs
i,J ) to available codes on hyperarcs

across their path, based only on feedback qk,s
i,J from the net-

work. In this paper, we assume instantaneous and perfect
feedback, e.g., through a separate control channel and also
perfect scheduling provided by some separate mechanism [4].
Practical protocols implementing this scheme should address
these aspects, namely what exact information to include in
the feedback, the effect of delay, and the effect of imper-
fect scheduling. In future work, we plan to design a network
coding-aware variant of TFRC and address these issues.

The observations made in Fig. 2 and 3, based on the ba-
sic cross-flow example, provide an important insight into the
interaction between rate control and the underlying network
coding. Without network coding, A and B transmit at rates
x1, x2, s.t. 2x1 + 2x2 ≤ R, leading to the rate region A1
shown in blue in Fig.4(a). The total achievable rate is con-
stant: x1 + x2 = R/2. When network coding is used, and
A and B transmit at rates x1, x2, then, on the downlink, the
network coded flow has rate min{x1, x2} and the total flow
has rate max{x1, x2}. The achievable rate region is extended
to region A2 = {(x1, x2) : x1 + x2 + max{x1, x2} ≤ R},
shown in red in Fig. 4(a). The maximum total achievable
rate is now higher, 2R/3, and is achieved when both flows
transmit at the same rate x1 = x2 = R/3. If x1 6= x2 the
total throughput is less than this maximum achievable value.
Fig.4(b) shows that the total rate x1 + x2 decreases from the
maximum 2R/3 (when x1 = x2) to R/2 (the value without
network coding) for increasing discrepancy between the two
rates (x2/x1). In summary, the more similar the rates of the
cross flows, the more coding opportunities and the higher the
total throughput. This key observation must be taken into ac-
count in rate allocation and is exploited in the next section.

5. RATE CONTROL FOR VIDEO STREAMING
OVER WIRELESS WITH NETWORK CODING

Intuition. We are particularly interested in rate allocation for
video streaming over wireless with network coding. Rate al-
location for video is rate-based (as opposed to window-based
for TCP) and fits naturally within the previous framework.

Furthermore, the following aspects are specific to video.
First, the utility functions should reflect the PSNR-rate curves
for realistic video sequences and/or the importance of differ-
ent scenes based on video content. The first key observation
is that the video utility function varies over time, based on the

R/2

A2: with NC: x1+x2+max{x1+x2 }  R

A1: without NC: 2x1+2x2   R
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0

(a) Achievable rate region (x1, x2) with and without net-
work coding.
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(b) With network coding the rate region
is A2 = {(x1, x2) s.t. x1 + x2 +
max{x2, x2} ≤ R}. Let x2

x1
= α ≥

1. The total achievable rate (x1 + x2 =
α+1
2α+1

R) decreases as the ratio between in-
dividual rates increases.

Fig. 4. Achievable rates in the Alice-and-Bob example, with
and without network coding. R is the total channel rate, time-
shared among all flows.

video content. Therefore a natural question arises: what is
the right time interval for computing the rate and utility and
for optimizing the rate allocation? Clearly, short term varia-
tions in rate and utility will be smoothed out if we consider
longer time intervals. Second, video streaming can tolerate
some small delay. The second key observation is that by de-
laying some scenes and by considering a longer time interval
we can create more network coding opportunities, which can
eventually lead to higher total throughput and utility. As dis-
cussed at the end of the previous section, more network cod-
ing opportunities are created when the rates of cross flows are
similar.

Combining these two observations, one should consider
an appropriate time interval T , over which to compute the
utility and perform optimal rate allocation, so as to smooth
out short-term rate variations, thus create more network cod-
ing opportunities and increase the total rate and utility. The
choice of the T involves a delay vs. utility tradeoff and de-
pends on the video content and the delay constraints.

Example. Let us revisit the Alice-and-Bob example to
further clarify the above ideas. If A and B transmit CBR traf-
fic, they will transmit at the same constant rate until the end
of the communication. However, if A and B send video, their
utility functions changes in time (e.g., for every scene) and are
different from each other. As each source optimizes its own



Table 2. Notation used for Video Rate Allocation
Notation Definition
f scene index

∆(f) duration of scene f of stream s

T time interval used for optimization.

Fs set of scenes of stream s in the interval T . T contains
multiple scenes:

∑
f∈Fs

∆(f) = T .

δ(f) ∆(f)/T

xs(f) rate of stream s in scene f , which we want to optimize
over T .

xmin
s (f) minimum value of xs(f) that we want to guarantee

rate according to its scene utility, the utility-optimal rates are
not on the rate-optimal corner (R/3, R/3) in Fig.4(a) but on
the border of the feasible region A2, and thus the network is
not fully used. The key idea is that if users transmit at roughly
similar and smooth rates, they will operate at a utility-optimal
point which will be close to or on the rate-optimal point, thus
resulting to higher operating rates and eventually higher total
utility. In order to achieve this goal, instead of just optimizing
the current scene’s rate requirements, sources should optimize
over a longer time period as described next.

Formulation. We now formulate the problem of opti-
mal rate allocation for time-varying video over a fixed time-
interval T . Every video stream s is partitioned into temporal
segments, which we call “scenes”. Every scene f is character-
ized by its duration ∆(f), rate xs(f) and utility Us(xs(f));
the rate and utility change over time according to the video
content. The optimization period T contains multiple scenes
(the set F s) of stream s: T =

∑
f∈Fs

∆(f). The fact that
we want to do optimal rate allocation for all Fs scenes in the
period T means that the scenes can be transmitted in parallel
instead of sequentially within T ; thus, they can be thought of
as separate flows sharing the channel capacity during T . The
optimization problem is the following:

max
x

∑

s∈S

∑

f∈Fs

Us(xs(f))δ(f)

s.t xs(f) =
∑

{J|(i,J)∈A,i∈Is}
xs

i,J (f), ∀s ∈ S, i ∈ Is,∀f ∈ Fs

xs(f) ≥ 0, xs
i,J (f) ≥ 0∀s ∈ S∀f ∈ Fs

zk
i,J = Ri,Jτk

i,J , ∀(i, J) ∈ A, ∀k ∈ K
∑

(i,J)∈Aq
c

∑

k∈K

τk
i,J ≤ γ∀Aq

c ∈ Ac

∑

f∈Fs

Hs
i,Jxs

i,J (f) ≤ zk
i,Jξs

i,J , ∀k ∈ K, ∀s ∈ Sk, ∀(i, J) ∈ A

xs(f) ≥ xmin
s (f)∀s ∈ S∀f ∈ Fs

(6)

This problem is similar to the general problem in Eq.(1),
but has the following differences. First, the optimization is
performed over the time interval T . Although T is not explic-
itly mentioned, it implicitly affects the number of consecutive

scenes considered for transmission: T =
∑

f∈Fs
∆(f). We

assume that T is large enough to guarantee convergence
of the solution within this interval. Second, we define the
utility U(xs) of a stream s during the time period T as
the weighted average of the utilities of individual scenes∑

f∈Fs
Us(xs(f))δ(f). The weight δ(f) = ∆(f)/T in-

dicates the length of a scene as a fraction of T ; it ensures
that, for the same utility, longer scenes will transmit more.
Another difference is in the fifth constraint: compared to the
fifth constraint in the general problem in Eq.(1), there is now a
summation over all the scenes considered. The reason is that
each scene can be considered as a separate flow, which should
share the total capacity with other scenes transmitted during
T . Finally, we introduce the last constraint, which is new in
this formulation: it guarantees that some minimum short-term
rate requirement xmin

s (f) will be met for each scene f ∈ Fs,
in order to guarantee that video quality does not drop below
an acceptable level even in the short term. The parameter
xmin

s (f) can be pre-computed based on the content of the
video and/or the user requirements and is an input to our
problem. As a concrete example, in this paper, we consider
as minimum requirement that each scene f should achieve at
least the average optimal rate x∗s(f) that would achieve if we
optimized over a single scene duration, T = ∆(f), instead of
multiple scenes: xmin

s (f) = 1
T

∫
∆(f)

x∗s(f)dt.
Distributed Solution. By a lagrangian relaxation of the

fifth constraint, the problem decomposes again into the fol-
lowing parts.

Rate Control: By re-arranging the terms and constraints
and by using the proximal method, similarly to what we did
in Eq.(3), we obtain the following rate control sub-problems
that can be solved independently at each source:

max
xs

∑

f∈Fs

[Us(xs(f))

−(
∑

i∈Is

∑

{J|(i,J)∈A,i∈Is}
q

ηi,J (s),s
i,J Hs

i,Jxs
i,J (f))

−c((xs(f)− ys(f))2 +
∑

i∈Is

∑

{J|(i,J)∈A,i∈Is}
(xs

i,J(f)

−ys
i,J (f))2)]

s.t. xs(f) =
∑

{J|(i,J)∈A,i∈Is}
xs

i,J (f),∀i ∈ N,

xs(f) ≥ xmin
s (f), ∀s ∈ S, ∀f ∈ Fs

xs(f) ≥ 0, ys(f) ≥ 0, xs
i,J(f) ≥ 0, ys

i,J(f) ≥ 0
(7)

Scheduling: By rearranging the terms in the lagrangian:

max
τk

i,J

∑

(i,J)∈A

∑

k∈K

Ri,Jτk
i,JQk

i,J

s.t.
∑

(i,J)∈Aq
c

∑

k∈K

τk
i,J ≤ γ

(8)



Parameter Update:

qk,s
i,J (t + 1) = {qk,s

i,J (t) + βt[
∑

f∈Fs

Hs
i,Jxs

i,J(f)− zk
i,Jξs

i,J ]}+

(9)
Discussion: Although the previous model has been pre-

sented in terms of a single fixed value of T , there is flexibility
in choosing this value. Different sources s can use differ-
ent Ts (so as to smooth out their own short-term variations in
their video content) independently from each other (without
synchronizing with each other or coordinating to choose the
same T ). In addition, it is possible and beneficial to solve the
problem not just for one but for several different values of T .
Intuitively, the longer the optimization interval, the higher the
achieved utility at the cost of higher delay. Therefore, each
source s should tune the value of Ts taking into account its
content so as to meet a desired delay-utility tradeoff; an ex-
ample will be discussed in the numerical results below. Fur-
thermore, the model can naturally include user arrivals and
departures, by simply optimizing over the scenes that are ac-
tive in each optimization interval.

The partitioning of a video stream into scenes was essen-
tial for us to deal with time-varying video content: we treated
a scene as the minimum time slot, within which there is no
time variation. However, the definition and analysis of scenes
in a video stream is a research topic on its own and out of
the scope of this paper. E.g., series of commercials, music
clips, newscasting can be considered as different scenes in the
same video stream; or scenes may refer to one or a few GOPs;
in [26], scenes from a soccer game have been extracted and
different importance has been assigned to them based on the
pitch of the commentator’s voice; in [24], we have assigned
different importance to 2-3 second scenes, based on their mo-
tion intensity. In the context of this paper, we consider a scene
to consist of a number of consecutive frames with similar con-
tent and importance; we also consider the partitioning of a
stream into scenes and their utility functions to be determined
by a separate process and provided as input to our problem.
Our goal is to optimize the rate allocation given this input.

Numerical Results. In the rest of the section, we perform
simulations to evaluate the performance improvement from
video rate allocation (Eq. (6)) compared to the general rate
allocation (Eq. (1)), which did not take into account the vari-
ation of video utility over time. We consider again the illus-
trative Alice-and-Bob topology and two traffic scenarios: the
first with logarithmic time-varying utilities; and the second
considering PSNR-rate curves and the importance of video
content.

Scenario 1. We consider two video sequences, each con-
sisting of six scenes. All scenes have the same fixed duration,
250 packets. (We note that we chose the scene durations
long enough to allow for convergence. The optimization al-
gorithm proceeds in iterations, each iteration corresponds to
sending one packet.) The utility of each scene f of video
sequence s is of the form σf log(xs(f)) where the weight
σf changes across scenes. In particular, the utility of the
first video for each scene is: ~U1 =[4 log(x1(1)), log(x1(2)),
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Fig. 5. Scenario 1 (logarithmic utility functions). Total rate
achieved by general and video (for T = 500) rate control.

Table 3. Scenario 1. Average rate of scenes for stream 1.
Scene Number 1 2 3 4 5 6

General Rate Control 4.53 2.01 4.23 2.00 4.23 2.00

Video Rate Control 4.98 2.04 4.66 2.00 4.66 2.00

4 log(x1(3)), log(x1(4), 4 log(x1(5)), log(x1(6)]; the util-
ity of the second video is ~U2 =[log(x2(1), 4 log(x2(2)),
log(x2(3), 4 log(x2(4)), log(x2(5)],4 log(x2(6)). These util-
ities have been chosen on purpose to illustrate the value of
considering a longer time period so as to smooth out short-
term time variations. The channel capacity of each link is
considered 10. (We note that we purposely omit units for the
rates, in this example only, as the results will only scale with
the unit for channel and video rate.) For this scenario, we
compare the general rate control (which does not consider an
optimization interval but continuously computes the rate at
each single iteration) and the video rate allocation (with the
interval T = 500 iterations, i.e., the duration of two scenes).

Fig. 5 shows the total rate, transmitted by both video
streams together, plotted over iteration number for both rate
control schemes. The general rate control computes the op-
timal rate at every iteration. E.g., we can see than at every
scene change (around 250, 500,... iterations) it reacts to the
change of the utility function and eventually converges to an
optimal value before the end of the scene. In contrast, the
video rate control performs optimization over the duration
T (500 iterations). We see that it achieves higher total rate
(on average) and thus increases the total utility. In addition,
it achieves smooth rate because, over the period of T , the
utilities are optimal at similar rates. A natural question at this
point is what happens to individual streams and scenes: does
this increase in total rate happen at the expense of some less
important streams or scenes suffering? The last constraint in
Eq.(6) guarantees that this does not happen. In Table 3, we
show that the average rate of individual scenes (calculated as
the total amount of data transmitted during T divided by the
scene duration) with video rate control is at least as high as
with general rate control. In summary, the video rate con-
trol over a longer time interval T increases the total rate and
utility, without hurting individual scenes. The magnitude of
improvement depends on the video content and the choice of



Table 4. Video Scenes (a concatenation of which is used to
construct the test video sequences in Scenario 2).

Scene Original Frame Importance
Number Video Sequence Number (MI)

1 Carphone 171-230 4.45

2 Carphone 281-340 3.57

3 Foreman 144-203 2.56

4 Grandma 1-60 0.14

5 Mother & Daughter 101-160 0.19

6 Mother & Daughter 391-450 0.18

T .
Scenario 2. We now consider the same basic topology

but now the nodes transmit two real video sequences, whose
content is different and varies over time. We created two test
video sequences by cropping and concatenating frames from
standard video sequences as follows. First, we considered
some standard video sequences, namely Carphone, Foreman,
Grandma, and Mother & Daughter. These were QCIF, en-
coded at 30fps, using the JM 8.6 version of the H.264/AVC
codec [31], [32]. The group of pictures consists of one I fol-
lowed by 9 P frames. Each frame consists of at least one slice,
packetized into an independent NAL unit of size 1000B.

From these standard sequences, we selected six scenes
summarized in Table 4: some of the scenes correspond to
high motion and some to low motion parts of these sequences.
Clearly, the six selected scenes have different video content
and therefore different PSNR-rate characteristics. We en-
coded each scene with 50 different quantization parameters
and obtained the corresponding distortion-rate (DR) curve.
Then, we fitted this curve to the DR model developed in [33]:
De = θ

Re−R0
+ D0, where De is the distortion of the en-

coded sequence, Re is the output rate of video encoder and
θ, R0, D0 are parameters of the model.

Then, we constructed our two test sequences by concate-
nating some of these six scenes. The first test sequence con-
sists of the concatenation of (scene 5, scene 1, scene 6, scene
2); the second test sequence consists of (scene 3, scene 5,
scene 3, scene 4). One option for assigning a utility U(x) to
each scene would be to simply use the PSNR value as a func-
tion of the rate from the aforementioned DR model. To fur-
ther amplify the difference in the utilities of different scenes,
we also multiplied the PSNR with a weight factor that in-
dicates the importance of each scene, based on the content.
As discussed earlier, there are many ways to assign impor-
tance to scenes. As a concrete example, we used the av-
erage motion intensity (MI) of each scene, as defined and
computed in our prior work [24]: this way, the importance
weights assigned to the scenes of the two test sequences are
(0.19, 4.45, 0.18, 3.57) and (2.56, 0.19, 2.56, 0.14).

Finally, we simulated the transmission of these two test
video sequences over the example topology, using the two
rate allocation schemes developed in this paper. The results
are shown in Fig.6. The general rate control achieves the
lower and variable total rate (shown in solid blue): the vari-
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Fig. 7. Scenario 2 (real sequences). Average PSNR vs. opti-
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ations are triggered by the variation in content of the test se-
quences. The video rate control over an interval of T = 500
achieves rate that is higher and less variable (shown in dotted
magenta). If we are willing to tolerate more delay and con-
sider more scenes over the longer time interval T = 1000, we
can achieve even higher and less variable total rate (shown in
dash-dotted red line).

As expected, increasing T improves the total rate and thus
the total utility. Fig.7 shows the increase in average PSNR for
a range of values of T . For T = 1, the video rate control is
essentially the general rate control, continuously computing
the optimal rate at every iteration. The exact shape of the util-
ity vs. T curve depends on the content of the video, e.g., how
its importance/utility varies over time. The curve in Fig.7 is
specific to the test sequences and the A-B topology consid-
ered. In general, for a specific scenario, we can use this curve
to select the right value of T so as to meet certain delay and
utility requirements.

6. CONCLUSION AND FUTURE DIRECTIONS

In this paper we formulated the problem of rate allocation
over a wireless network with intersession network coding for



cross-flow scenarios and showed that it has a distributed solu-
tion. Video rate control fits naturally within this framework,
with the additional complication that time varying video rate
and utility affect the network coding opportunities and the to-
tal achieved utility; to deal with time variability, we proposed
video rate control over an appropriate time interval so as to
optimize the utility vs. delay tradeoff. The focus of this paper
was on problem formulation, distributed solutions and obtain-
ing insight on the interaction of network coding and rate con-
trol, especially for video. The basic cross-flow topology was
studied exhaustively for these purposes and, when possible,
the insights were generalized. We are currently in the process
of simulating the algorithms over larger cross-flow scenarios
(to be included in the extended version of this paper).

In future work, we plan to develop a practical protocol
that implements these ideas, e.g. a network coding-aware ex-
tension of TFRC, and evaluate the benefits compared to ex-
isting network coding-unaware rate control protocols. In this
process, we also plan to address several practical implemen-
tation issues, which were not considered in this paper, such as
feedback and imperfect scheduling, as well as extensions to
multipath scenarios. However, the segmentation of a stream
into scenes is orthogonal to and will remain out of the scope
of this study; although we studied some specific examples,
we note that our framework can take as input streams consist-
ing of any set of scenes and their importance. In conclusion,
we believe that this paper is a step towards understanding the
interaction between rate control and the underlying network
coding in wireless networks and eventually towards making
media transport protocols network coding-aware.
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