Optimization Models for Streaming in Multihop
Wireless Networks

Zongpeng Li Baochun Li, Mea Wang
Department of Computer Science Department of Electrical amuiter Engineering
University of Calgary University of Toronto
zongpeng@cpsc.ucalgary.ca {bli, megt@eecg.toronto.edu

Abstract— Wireless spectrum is a scare resource, while media cally reduce the computational complexity of this problday,
streaming usually requires high end-to-end bandwidth. Media transforming it into linear network optimization [12], [9]
streaming in wireless ad hoc networks is therefore a particularly We propose to utilize network coding in our media stream-
challenging problem, especially for the case of streaming to . . .
multiple receivers. In this paper, we design linear optimization !ng §Cheme. The advgntages of applying petwork coding
models for Computing a h|gh_bandw|dth routing strategy for N wireless media multicast are three-fold. FII’St, eachenod
media multicast in wireless networks, which targets near-optimal in a wireless ad hoc network is usually a fully functional
throughput, given constraints including network topology, radio  computer, as opposed to routers and switches in the IP core
capacity, and link contention. We study both the directional network. Therefore network coding support is naturally-fea

antenna and omni-directional antenna cases and point out their ible. S nd iust mentioned nsidering coded rasttic
connections. We also combine the classic forward error correction S/P'€. S€cond, as Jjust mentoned, considering

techniques with the novel network coding techniques to provide l€ads to efficient algorithms for computing the maximurnerat
error control in a timely fashion. Simulation results show that transmission scheme. Third, as we will show later in the pa-

our solutions indeed achieve high streaming rates, and prompt per, combining network coding with forward error correatio
error recovery under a wide range of link failure patterns. (FEC) provides high robustness and prompt error-recovery,
Keywords: Media streaming, Network coding, Multicast, Adwhich is of particular interests to multimedia applicason
hoc networks, Directional antenna. Both network Coding and FEC Codee.q., Tornado codes
[13] and Reed-Solomon codes [14]) employ symbol-wise
linear coding operations over finite fields such @#'(2%)
or GF(2'%), therefore they may co-exist in our solution in
Ad hoc networks are multi-hop wireless networks that mayarmony.
self-organize into the functioning mode without the suppor We consider three models of ad hoc networks: (M1) the
of a wireline infrastructure. Due to its flexibility and ease single directional antenna case, (M2) the multiple dicei
deployment, vast opportunities in both military and caili antenna (antenna array) case, and (M3) the omni-diredtiona
applications are expected [1], [2], [3]. Compared to wireli antenna case. (M1) and (M2) corresponditaple directional
networks, wireless networks provide relatively low bandhlvi  transmissions andcomplex directional transmissions in Peraki
For example, Gupta and Kumar [4] show that the availablnd Servetto [5], respectively. In (M1), each node is eqeipp
end-to-end bandwidth for a certain pair of nodes may approawith one directional antenna, shared among transmissions
zero, as the network size grows. Peraki and Servetto [g] and from all of its neighbors. In (M2), each node is
further show that the introduction of directional antendass equipped with multiple directional antennas, such that one
not change the pessimistic picture. On the other hand, tisededicated to communication with each neighbor. In (M3),
transmission of live media streams often requires high dagach node is equipped with an omni-directional antennagtwhi
rates. Therefore, media streaming in wireless ad hoc nksvocan broadcast to all neighbors within a radiumrofin all
becomes a particularly challenging research problem. Tbases, we show how the maximum-rate routing topology can
situation is further exacerbated by the unreliable natur¢ abe computed as a linear network optimization problem, with
high error rates of wireless communication links. a node-centric linear program provided for (M1) and (M3),
In this paper, we study the problem of media multicast in aahd a link-centric linear program provided for (M2). We
hoc networks with either directional or omnidirectionatem apply subgradient optimization methods to derive distetu
nas. Compared with omni-directional antennas, which intrsolutions for these linear programs. The solution we olitain
duces a more complex interference model [6], [7], dire@lonmulticast topology with a flow rate specified between each pai
antenna essentially eliminates local interference byrwathie of nodes, which is ready to serve a coded multicast session.
sender node forming a beam towards the intended receiveFinally, we adopt the simple, light-overhead randomized
only [8], [5]. Even without interference, the maximum-rateode assignment algorithm [15] to determine the content-of i
multicast topology problem is still in general NP-hard, twit formation flows being transmitted between each pair of nodes
traditional multi-path routing and data replication teicjues We combine FEC coding at the source node and network
considered only [9]. However, it has been recently realthedl coding at each relay node in the multicast routing topology.
the novel network coding techniques [10], [11] may dramatFhe result is a coded multicast strategy that achieves very
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high level of error-resilience, as verified by both theaati and is therefore NP-hard to solve [20], [21], [9]. We showed
analysis [11] and our simulation results. Furthermoreorerrthat [21], [12], taking the unique encodable property obinf
recovery does not involve sender-receiver message exebangation flows into consideration can dramatically reduce the
and does not introduce extra overhead at the receiver bey@odnplexity of the problem, which can now be solved as linear
regular decoding operations necessary in any network godimetwork optimization. We provide [21] linear programming
scheme. Therefore, the entire multicast scheme achiegés Hormulations of the maximum transmission rate problem for
throughput, high robustness, as well as prompt error hagdli various wireline communication scenarios, and provide] [12
and constitutes an ideal solution for media multicast in ad han efficient, distributed solution to the single multicastsion
networks, which are characterized by low link capacity anthse where each link is undirected and each node has network
high error rates. coding capability. In this paper, we show the results can be
The remainder of the paper is organized as follows. Wtended into wireless networks.
discuss related work in Sec. Il, present optimization mefmi Guoet al. [22] propose to apply network coding in overlay
computing the maximum-rate multicast topology in Sec. lImedia streaming. Their work is similar to ours in that both
We then provide details on randomized code assignment atthndon the traditional multicast tree approach for mastic
robust data transmission in Sec. IV. Sec. V concludes theuting, and adopt network coding to improve transmission
paper. rates. A major difference between their work and ours is
that, we take a fixed wireless network topology as input, and
target near-optimal multicast rate, while in Getcal. [22] the
optimality of the achieved rate is not a design goal and is not
Recent research in information theory discovers thatjmgut stydied.
alone is not sufficient to achieve maximum information trans Directional antenna has recently attracted a considerable
mission rate across a data network [10], [11]. Rather, apgly amount of research interests in the wireless networking-com
encoding and decoding operations at relay nodes in adddionmunity [5], [8], [23], [24]. Compared with omni-directioha
the sender and receivers is in general necessary in an dptigi@tennas, directional antennas may direct energy radiatio
transmission strategy. Coding at intermediate relay naslestowards the intended receiver only. This leads to dragyical
referred to asetwork coding. The coding process uséisear reduced local interference, as well as larger communicatio
codes in the Galois field, and includes two basic operationganges. In this paper, we design effective media multicast
the + and - operations in the Galois field GE{). Since strategies for ad hoc networks, based on the nice intederen
elements in a Galois field have a fixed-length representatigrodel of directional antennas.
bytes in flows do not increase in length after being encoded. As a special case of multiple description codes that are used
The pioneering work of Ahlswedet al. [10] and Koetter for robust, adaptive multimedia streaming, FEC is a sender
et al. [11] proves that, in a directed network with networkhased error recovery technique where encoded redundancy
coding support, a multicast rate is feasible if and only i§ transmitted together with original data. The study of FEC
it is feasible for a unicast from the sender to each receiV@@des aka source erasure Codes) dates back to the seminal
independently. Liet al. [16] prove that linear codes usuallywork of Reed and Solomon [14], and has enjoyed ubiquitous
suffice in achieving the maximum transmission rate. They algpplication in areas including bulk data storage, saellit
provide the first code assignment algorithm, which performgmmunication, reliable multicast, and wireless transiois
exponentially many linear independence tests. Saneteas  The power of FEC codes can be summarized into the following
[17] improve their result by providing a polynomial timefact: an original data item with equal-sized uncoded blocks
algorithm for exact code assignment. koal. [15] then point can be coded inten > n coded blocks, such that any of

out that randomized code assignment, in which each node ggf& 1 coded blocks are sufficient to recover the original data
erates outgoing flows by linearly combining its incoming ffowijtem.

with random coefficients, actually constitutes anothenative
solution. The probability of conflict due to randomly chosen
code coefficients is negligibly small, with mild assumpgon
on code length and network configurations.

Recent work [18], [19] study the problem of computing In this section, we present linear programming (LP) models
maximum unicast transmission rates, in wireless ad hoc n#tat compute the maximum-rate multicast topology, which wi
works with known topologies. Both our work and [18], [19]be used in Sec. IV to construct the coded multicast streaming
allow multi-path routing for higher transmission rates.eThscheme. We also discuss how these LPs can be effectively
focus in [18], [19] is on unicast transmission with omnisolved.
directional antennas, where the main challenge is schregluli We assume that each node is equipped with one or mul-
of local wireless transmissions. We consider multicastsra tiple ideal antennas, which may be used for communication
mission with directional antennas, where the main chadlengetween a pair of nodes within a certain distance from each
is on computing the optimal multicast topology. other; in the directional antenna cases, local transmissio

Traditionally, with only data replication and multi-pathare subject to no interferences with each other. We model
routing considered, the maximum multicast rate problem fke logical topology of the ad hoc network as an undirected
known to be equivalent to the steiner tree packing problemetwork G = (V, E). In the single antenna cases, CQY

Il. RELATED WORK

I1l. COMPUTING HIGH-BANDWIDTH STREAMING
TOPOLOGY. LP MODELS



denotes the radio capacity available at each node, whers  (uv), y;(uv), z; = 0 L
the set of non-negative rational numbers. In the antenray arr

case,C IZ;]_’E denotes the available capacity of each wirelegs \1o- The antenna array scenario
link, which is the smaller radio capacity at the two radios

forming the link. The setd = {uv, vu |[uv A} denotes the
set of directed links that are possible to be utilized in dirau
topology. The media source is denotedfsand destination
nodes are denoted &5, ..., T}.

Now assume each node is equipped with multiple di-
rectional antennas, such that one antenna is dedicated for
transmissions between each neighbor and itself. Localegise
transmissions between directional antenna pairs do net-int
fere with each other, therefore all links @@ may be active
concurrently. We need only to guarantee that for each link

wv, data rate of thew transmission and data rate of the

i Wel flrstt con5|der' the(;:asel Whehr.ehef':\ch r? odz has Onetd'rﬁ’ghsmission together do not exceed the capacity of either
lohal antenna equipped only, Which IS shared among trajzy; connectingu and v. Therefore the wireless network

missions to and from each of its neighbors. In this SCeNAMPy be modelled as an undirected, link-capacitied network.

capa_lcit_y allocation .iS node-c.entr-ic. The linear prograrat thConsequently we can formulate the maximum streaming rate
maximizes the multicast rate is given below, based on the f oblem as a linear optimization problem, given that nekwor

that, a coded multicast rate is feasible in a directed nd¢wor,_ . . 3
if and only if it is feasible for a unicast from the sender tgodmg 's supported at each node:
each receiver independently [10], [11].

A. M1: The single directional antenna scenario

Maximize X
o Subject to:

Maximize X _

Subject to: x < fi(T;S) Ll ©)
X = fi(T:5) A 1) filuv) < c(zﬂg B LCET;S  (10)
Yo (F@w) + f0u)) < C(u) [ @) 2ovenqufi(uw) = fi(vu)) =0 L1u] (11)
Yoen((filw) = fitow) =0 il @ \ cw)+e(on) < Clw) L& Ls5  (12)
fiav) < fww) GICWET,S (4)  o(av), fia), x=0  EICd

f(uv), fi(uv),x =0 (2,1

It is interesting to note that the LP above is essentially
the same as the cFlow LP for computing maximum multicast

and is also the objective function being maximizéd(u) = throughput in an undirected network [21].(uv) denotes the

{vluv A} denotes the set of neighbor nodes wof Each total available bandwidth between nodesand v, which is
. ; the smaller capacity of the two radios dedicated for trans-
fi Ijo;lﬁ is a network flow from sende$ to receiverT;. We T3 pacity . o
missions betweem andwv. This capacity is further allocated

have added virtual linkd; S with infinite capacity, in order for transmissions in both directions, and leads to diretitéd

to ease the concise presentation of the linear program. \%?pacitiex(zﬁ)) and c(ot). Similar to the LP for the single

now require flow balance at every node, including senler 5ntenna case, is a network flow from sourcs to receiverT},

and receyerSE» (8). Consequently, flow rate on each V'rtua!and eactﬂ“?S is a virtual link inserted for concise formulation

link, f(T3S), represents the network flow rate froshto 7;.  of the linear program.

The overall throughput of the media streaming sessioris While the LP for M1 is node-centric, with variables rep-

upper-bounded by each of these individual network flow ratgssenting node capacities and prices in the primal and dual

(1). The total capacity required on a directed liok is the  respectively, the LP for M2 is link-centric with variablesrf

maximum network flow through it (4), and total capacities ok capacities and prices. The algorithm we present in the

links incident to a node should not exceed the radio capacj%pendix finds the optimal multicast flof* for M1 directly.

at that node (2). o A subgradient algorithm for M2 [12] will yield an optimal
The dual of the above LP is given below, where we havgsyork routing instead, from which the optimal flow can be

variables representing node price§ and the objective is t0 f,rther computed by solving network flow problems.
minimize aggregated node capacity-price product. We discu

an efficient and distributed solution algorithm based on the _ o .
dual LP in the Appendix. C. M3: The omni-directional antenna scenario

In the above LP, variablg is the achievable multicast rate,

Optimizing throughput in multihop wireless networks is in

Minimize ., Cu)z(u) general hard due to the interference among nearby transmis-

Subject to: sions, which are broadcast in nature. An optimal schedule of
- ., node transmissions that avoids interference is equividethie

w(u) +x(v) 2 3, yi(uwo)  Tudo . ®) graph coloring problem and is NP-hard. In order to obtain

yi (o) + p;(v) = p; () [LCETS  (6) feasible solutions, we adopt here a simplified interference

pi(T3) — pi(S) = z; @) model, which is called thprimary interference model or node-

Yum=1 8) exclusive spectrum sharing in the literature [25], [26], [27]: at



any given time point, a node can communicate with at mostSubject to:
one neighbor only.

A unique feature of omni-directional antennas is their loca| X < fi(1:5) L] (13)
broadcast nature. The same packet can be transmitted frgm)_, N(u)(f(u_{;) + f(ou)) < C'(uw) W (14)
a node to multiple neighbors in one broadcast. This featupe ZUGN(U)(ﬁ(@) — fi(ow)) =0 GG Cw (15)
is especially beneficial in multicast routing, and is know - - =
as the wireless multicast advantage. However, modelling the fi(“j’) =/ (“ﬂ) [LILBT:S (16)
multicast advantage in optimal multicast routing is by nq f(uu) = f(u'v) ]V o] CN(w)  (17)
means straightforward [28]. Below we apply tdedow node .
technique from [28], which models local broadcasts using(uv), fi(uv),x =0 [0

regular graph edges by inserting virtual broadcast nods in
the network, and show how the node-centric LP in the directgfl Discussions
antenna case can be simply modified to optimize multicast

throughput with omni-directional antennas. The three LPs can be similarly solved using the subgradient

method; details for the LP for M1 is given in the Appendix.

TABLE | Each step of the subgradient algorithm can be decomposed
NETWORK TRANSFORMATION UNDERPRIMARY |INTERFERENCE into computations performed at individual nodes, based on
local information maintained. The main computation cassis
Input: Original networkG = (V, E) andC € QY of solving a series of max-flow/min-cut problems, for which
Output: New networkG’ = (V', E') andC’ € Qf/ totally distributed algorithms exist, such as the pushiel
Initialize: V' = ¢, E' = ¢ algorithm [29] or thee-relaxation algorithm [30].

. Fig 2 shows the convergence speed of the subgradient
Vu GV"/; VU fu, '} algorithm on random networks generated by BRITE [31], in
C'(u) = C(u): (W) = % With_network sizes_ up td000 nodes, and witl?, 5_, and 10 _
receivers, respectively. As we can see, the optimal solutio
is usually approached withifO iterations, regardless of the
network size or the multicast group size. However, the com-
E —E'U {u v} putation time for large networks or for large multicast gysu
are longer, due to the fact that the time taken by each single
As shown in Table I, for each nodein the original network, max-flow/min-cut computation is roughly proportionallid|*,
we create itshadow «’ with infinite capacity, and redirect all and that the number of max-flow/min-cut computations in each

edges emanating from to from «’. An example is illustrated iteration is proportional to the multicast group size.

E' — FE' U{uwu'}
Y uve E:

in Fig. 1.
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Fig. 1.  Constructing the network topology for the cFlow LPdan the E 2r
primary interference model.
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A local broadcast is achieved by a transmission fram
to its shadowu’ and then to allu’s neighbors. The entire rig. 2. convergence speed in random networks.
procedure consumes only the amount of bandwidth required
for one transmission, which is in line with the wireless |nthe antenna array scenario, the optimal solution of the li
multicast advantage. To further model the fact that a locakhr program provides the exact maximum achievable muiticas
broadcast consumes bandwidth at a neighbor even if it is I'gﬂleammg rate. In the single directional antenna caseeheny
interested in receiving the packet, we require that the @iadthe optimal solution of the linear program may be slightly
u’ relays exactly the same amount of flow to all neighbors @ggher than the real achievable rate, if the multicast togyp!
the rate it receives from. The final linear program in the contains an odd cycle. This is introduced by difficulties in
omnidirectional antenna case is then: wireless link scheduling. Detailed discussions on a simila
phenomenon abowdd holes andodd anti-holes are provided
Maximize X in the work of Jainet al. [18] on unicast rate maximization



in ad hoc networks. A close, rather than exact, upper-boutite senderS, and are further coded and relayed hop-by-hop
is attained in the single antenna case. The situation idagimiuntil arriving at the receivers.
for the case of omni-directional antennas since we corsitler The study of Koetteet al. [11] shows that, such a coded
primary interference only and ignored secondary interfeee transmission stream achieves the highest robustnessfgossi
This does not introduce a serious problem to our solutiomheir original theorem says that, if a multicast rgtis feasible
since in the coded multicast streaming, as will be discugsedin a directed networkz, let F be the set of link failure patterns
Sec IV, we utilize only a portion of the achievable bandwidtluch thaty is still feasible inG-f, for all f [CH then there
for streaming original media flows, and target a near-odtimexists a common network coding scheme that achieves rate
rate rather than an absolutely optimal one. Given the high and is resilient to any link failure pattern iR In other
network dynamics that are present in wireless ad hoc neyorlords, there always exists a static coding scheme that may
it is impractical to target absolutely optimal performancbandle every link failure scenario possible to handle. Our
anyway. inter-stream FEC coding, combined with randomized network
coding, constitutes precisely such a coding scheme.

More specifically, after computing the maximum multicast
rate x* in Sec. Ill, we use(l — «)x* of the capacity to

The multicast topology computed by our LP models is itransmit raw data streams, while reservg* of the capacity
the form of combined network flows, rather than a colledor coded redundancy. Here is a small fractional number,
tion of multicast trees. Correspondingly, it is not feasiltd and is adjustable depending on specific network conditiods a
stream uncoded raw data along each network flow to theplication requirements. We normalize rajes (1 — a)x*,
receivers. Network coding is required to handle bottlene@nd ax* to n + k, n, and k& number of information flows,
link sharing among different network flows, to make theespectively, with a unit flow rate of our choice. Then sender
multicast transmission feasible. Beside network coding, w6 sends out: original media flows, plug coded flows, each
also need to consider error correction codes, in order t@aeh of which is encoded from thes original flows using FEC
robust media streaming in the highly dynamic wirelesssgsti codesi.e, is a linear combination of the original flows. The
with unreliable communication links. Below we compare FEE@ffect is that anyn flows out of then + k source flows are
codes with other error-recovery techniques for media strealinearly independent, and can be used to recoventheginal
ing, and conclude in favor of the former. We then describe flows. Each relay node linearly combines its incoming stream
more details how to combine network coding and FEC coding construct its outgoing streams in a random fashion. Each
into a unified coding framework. receiver may then recover theoriginal streams by decoding

There exist three categories of error recovery techniqoies &iny n coded streams it receives.
multimedia streaming: (a) sender&receiver-based techasg

IV. CODED MEDIA STREAMING

(b) receiver-based techniques, and (c) sender-baseddeelsn 100p~ *
In (&), each receiver sends expliédCK and/or NACK mes- \*\%
sages back to the sender, which then re-transmits a missing 9oy T~
packet to a requesting receiver. This approach has two major
drawbacks. First, it does not scale well as the number of O T
receivers grows, since the numerdAGK or NACK messages o —— a:;Of

r a=3%

eventually flood links around the sender. Second, the round
trip time introduced by thédCK/NACK-retransmission round
is usually intolerable for multimedia applications. In (1@
receiver applies heuristics such as linear interpolatisubsti-
tute data not successfully received. Although it elimisdieth
problems in (a), the result of recovery is usually sub-optim 0 ‘ ‘ ‘ ‘
and may lead to sensible distortion in the audio/visual wutp 0 2 4 6 8 10
. . . Link failure ratio (%)

at the receiver. In (c), a small amount of redundant inforomat
is added by the sender, and then transmitted to the receiviggss. Robustness of multicast streaming.
along with the original data. A receiver may then recover its
missed data from the redundant information received. BothWe tested the robustness of our coded transmission scheme
layered coding and multiple description coding belong e thin a network with200 nodes, and9 receivers in the multicast
category. group. We randomly pick a certain percentage of links on

We choose a special case of multiple description coddéle multicast streaming routes to fail, and compute how many
FEC code, to provide error-resiliency in our media stregmirflows can still arrive at each receiver. If the number is lbssit
solution. The reason is that FEC coding and network codimg then that receiver will not be able to successfully rectler
can be based on coding operations over the same finite fieddurce data. In Fig. 3;-axis corresponds to the percentage of
and may consequently be unified into a common codiragtive links that fail, andj-axis corresponds to the percentage
framework. We partition the source data into a numbesf of receivers that can still successfully recover all datesshs.
data streams, from whick FEC-coded redundancy stream&Ve can see that witB% redundancy in source FEC coding,
are generated. Then these- k data streams are sent out froneven if5% of the currently utilized links failall receivers can

a=5%
—— a=10%

Success ratio (%)

601

501




still receive at least. independent coded data streams, artterefore it is possible to meet the stringent delay requéngs
can successfully recover original data being multicasth®y tof multimedia applications.
sender.
In our coded streaming scheme, each node on the multicast
topology needs to perform encoding operations, and eadH F. Ye. H. Luo, J. Cheng, S. Lu, and L. Zhang, A Two-tier Bat
. ds t h d di fi Note that Dissemination Model for Large-scale Wireless Sensor Neksorin
receiver needs to perform decoding operations. _ Proceedings of ACM MobiCom, 2002.
from the computation point of view, there is no essentiaj2] C. Intanagonwiwat, R. Govindan, and D. Estrin, “Diratiffusion: A
difference between encoding and decoding operations.dn th Scalable and Robust Communication Paradigm for Sensor Negyor
f bols f dif ti . data st f in Proceedings of ACM MobiCom, 2000.
ormer, syr_n O_S rom_ ' erer? incoming ‘?‘a S rea_ms orm "113] J. M. Kahn, R. H. Katz, and K. S. J. Pister, “Next Centuryallénges:
vector, which is multiplied with the encoding matrix. In the ~ Mobile Networking for “Smart Dust",” inProceedings of ACM Mobi-
latter, the original data streams are recovered by muitigly =~ com 1999. _ _
bols f . . fl t th . ith a d di d4] P. Gupta and P. R. Kumar, “The Capacity of Wireless Netw@rkEEE
sym - ols from mcommg ows at the receiver with a decodin Transactions on Information Theory, vol. 46, no. 2, pp. 388-404, March
matrix. Upon session setup, each node randomly generates 2000.
its encoding matrix, which remains unchanged during th&] C. Peraki and S. D. Servetto, “On The Maximum Stable Thirug
t . . Th mulated overall transformatio Problem In Random Networks With Directional Antennas, Piroceed-
streaming session. The accumu ings of ACM MobiHoc, 2003.

matrix at the receiver is inversed to obtain the decodingimat [6] V. Bharghavan, A. Demers, S. Shenker, and L. Zhang, “MACAW
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APPENDIX T .
To design the subgradient algorithm for the LP in model y(uv) =0 Cao
M1, We relax ponstraints ir_1 (5), and introdL_lce “prices” in Now let yr = argmin,c p: > fIK](wv)y(uv), and let
vector f accordingly. The objective function with the penalt)fj = argmin 3 - f[k](%)yf(zﬂj), we can updatg by setting
added, then becomes: yilk =y, angz/i[k] =0, [LE ;.

— - After new values iry are computed, vectqft is then updated
2w Clw)a(u) + 35, fuo)(Z; yi(uv) = 2(w) = 2())jn o steps. We first compute a new vectfraccording to
. N a sequence of prescribed step sides
= 2 (Cw) = X e v (fwr) + f(vu)))z(u)
+ 35 () 3, yi(uv) 1= fIR + 61K wilk],

Note that primal feasibility requireEUeN(u)(f(ﬁ;ﬁf(zTiL f/ may not be feasible, and is then projected into the
)) < C(u), [wl Therefore we obtain the Lagrangian dualeasibility simplex,e.g., the nearest feasible point:

problem: 1] = . /
flk+ A =argmin o Gl san<colld = L1

Maximize L(f) . ) . .
Subject to: After updating bothy and f, the next iteration starts. Since
the objective function and constraints in our original peoi
ZveN(m(f(?H)) + f(ou)) < C(u) [ud are all linear, it is guaranteed that choosing step sizésfway
fuw) =0 Tl the following conditions will have the subgradient alglnit
converge to the optimal solution:
where -
L(f) =Minp Y 3 flun)yi(a) (A1) 01K1 =0, lim 0[k] =0, and; Ol =co.  (A2)

v uv

Finally, we observe that the vectgrupon convergence/;*,

with P being the polytope: provides exactly the desired optimal multicast routingtsigy.

yi(uv) + pi(v) = pi(u)  EICWET,S
p- ) pi() —pi(S) =z [

Zi zi=1

yi(uv),z; =0 [

Lagrangian duality theory assures that, the objective -func
tion value in an optimal solution to the Lagrangian dual
problem is equal to that in an optimal solution to the primal
linear program, which models our maximum streaming rate
problem. Therefore we may solve the primal LP by solving
the above Lagrangian dual. We start by choosing a set of
initial values forf. Any legal vectors that satisfy node capacity
bounds are fine, although they may lead to different speeds of
convergence. One feasible choice is to try to distributéorad
capacity at each nodeto all its incident links evenlyi.e., set
S0)(uv) = min(yesy sy, b,

After initialization of f, the major part of the subgradient
algorithm iteratively updateg and f, until f converges to



