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Abstract

Because of frequent wireless packet losses and inapgltgabf retransmission-based schemes
due to the well-known NAK implosion problem, providing higjuality video multicast over Wireless
Wide Area Networks (WWAN) remains difficult. Traditional jgi source/channel coding schemes for
video multicast—optimal bit allocation among source codamgl channel coding such as Forward Error
Correction (FEC) subject to a bitrate constraint—target @sehnth-percentile WWAN user. Not only
is FEC bitwise expensive, users with poorer reception thithapercentile user suffer substantial channel
losses, while users with better reception have more chamoti#hg than necessary, meaning too few bits
are devoted for source coding and sub-optimal video quality

Instead, in this paper we perform joint source/channel rpdif WWAN video multicast for an
entire collective of multi-homed ad-hoc peers in the samdtioast group and connected via Wireless
Local Area Networks (WLAN). In a cooperative peer-to-peepaie (CPR) scenario, after each peer
received a different subset of WWAN packets (from differeinarnel conditions experienced), the peer
group repairs WWAN losses locally by packet-forwarding teareather via WLAN. From an end-to-
end system view, CPR means that a packet can be transmittedsfsurce to a peer either via WWAN
directly, or via WLAN local repairs exploiting neighboringers’ WWAN links; the overall more general
transmission condition means a clever joint source/cHacoging scheme can now allocate more bits
to source coding without suffering more packet losses,iteptb higher video quality. To efficiently

implement both WWAN FEC and WLAN CPR repairs, we propose to usvaork coding for this



dual purpose to reduce decoding complexity at the peers.A&& shrough extensive simulations that
using our proposed scheme dramatically improves videoityualr the entire collective over existing
opitmization scheme where joint source/channel coding pexformed, but WLAN CPR is not used,
by up to 8.4 dB, and over scheme when WLAN CPR repair is used buAW\@int source/channel

coding was performed separately by up to 4.4 dB.

I. INTRODUCTION

Providing sustained, high quality video multicast over \Wiss Wide Area Networks (WWAN) over
multicast channels like Multimedia Broadcast/Multicastvée (MBMS) in 3G networks [1] remains
challenging because of two technical difficulties: i) unaatile packet losses due to temporary wireless
link failures; and ii) unlike unicast, automatic retranseidon request (ARQ) for link losses cannot be
implemented per packet and per receiver due to the well-knpwint-to-multipoint NAK (negative
acknowledgment) implosion problem [2]. Given a large reeegroup with a range of statistical channel
conditions, previous works like [3] have allocated charomeling bits from a fixed transmission budget for
forward error correction (FEC) like Raptor Code to protectreeipackets from WWAN losses, targeting
a chosemth-percentile receiver. Not only is channel coding bitwisgeensive, receivers with channels
worse thamth-percentile receiver’s (poor receivers) suffer subtshpacket losses, while receivers with
better channels (rich receivers) have more channel cotisng mecessary, i.e., not enough bits out of the

budget are devoted to source coding, and resulting in stibrapvideo quality.

To improve video quality for poor receivers, we have preslguproposed a new packet-recovery
paradigm for receivers in the same video multicast grou witilti-homed network capabilities—ones
with both WWAN and WLAN (Wireless Local Area Network) networktérfaces like 802.11—called
Cooperative Peer-to-peer RepdiLPR) [4]. The idea is simple: after receiving different subsdé packets
from WWAN source (due to different WWAN channel conditiongerienced), receiver group forms an
ad-hoc peer-to-peer network calledC#PR collectiveand cooperatively exchange received packets via
WLAN to mitigate WWAN losses. We have also shown [5] that by finstoding received WWAN packets
into coded packets using network coding [6] before CPR exgbafurther gain in packet recovery can

be observed.

From an end-to-end system view, CPR presents a new and monabpaeket transmission condition

than previous point-to-multipoint WWAN systems: a packan de transmitted from source to a receiver
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either via a WWAN link directly, or indirectly via CPR repabuted through a neighboring peer's WWAN
link. Under this CPR paradigm, a transmitting WWAN sourceirafing joint source/channel coding
(JSCC) for targeteath-percentile receiver can now exploit this more genematgmission condition in
two ways. First, the source no longer needs to expend sulatahtinnel coding efforts for targeted
n-percentile receiver, who can now depend on rich receiMd8/AN channels and subsequent CPR for
reliable transmissions—we call this tligsparity gain Second, even if all receivers experience similar
WWAN channels statistically, i.e., there is no differetiba between poor and rich receivers, a packet
is lost to the collectiveonly if WWAN transmissions to every single peer in entire collectfail—a
much stronger loss condition than when JSCC was optimizethflividual nth-percentile receiver. The
source can also exploit this multiplier effect to allocaterenbits to source coding without incurring

more losses—we call this thensemble gain

Note that optimizing JSCC in the CPR paradigm mealhseceivers not just the targetedth-percentile
receiver, can benefit from disparity and ensemble gain byingptheir WWAN and WLAN resources
together for a common cause, improving overall system paidoce. This JSCC approach for CPR
collective is a complete departure from previous JSCC woBfsfdr WWAN multicast for disparate
individual receivers, where targeting a chosempercentile receiver always leads to a large group of

sub-optimal receiver group with different statistical ohels from the target.

As an illustrative example, consider the case where afteanglespeer has received a given packet
directly from WWAN multicast, WLAN resources are abundanbegh to guarantee CPR recovery of the
given packet to all peers. No matter wheth-percentile receiver the source is targeting, it shobkht
only allocate just enough bits for channel coding such thgitan packet is received by at least one peer
in the collective; i.e.anycast To exploit disparity gain, that means optimizing for thestoeeceiver with
the best channel statistics. To exploit ensemble gain, rifeins optimizing for the WWAN collective
loss condition, which is surely stronger than disparatéviddal loss condition. Our optimization aims
to cover this anycast case and all other cases where CPR rgdsvienperfect due to limited WLAN

resources.

To efficiently implement WWAN-FEC and WLAN-CPR, we propose to uséwork coding for the
dual purpose. Our proposal has two advantages: i) a WWANiviagepeer can encode and forward

received WWAN packets without first decoding WWAN-FEC, so thegns receiving insufficient number
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of WWAN packets for WWAN-FEC decoding can still participatedasontribute to CPR right away; and
i) WWAN-FEC decoding and WLAN-CPR decoding can be done at theesame at the peers after
WWAN transmission and CPR are both completed, reducing degambmplexity. Extensive simulation
experiments show that our JSCC scheme improves over a psed®0C scheme by up to 8.4 dB where
joint source/channel coding is performed but CPR is not uaad,up to 4.4 dB when CPR is used but

WWAN JSCC is optimized separately.

The outline of the paper is as follows. We first review relatedknia Section Il. We then overview
CPR in Section Ill. We discuss our end-to-end system for WWA#8Ewi multicast in Section IV. We
present our JSCC optimization in two parts: unstructureevoit coding case and structured network
coding case in Section V and VI, respectively. Simulation ltesand conclusions are presented in Section

VIl and VIII.

Il. RELATED WORK

Due to the well-known NAK implosion problem [2], many videsobdcast/multicast schemes over
MBMS [3] have forgone feedback-based error recovery meashanlike [7] and opted instead for FEC
like Raptor Codes [8]. While FEC helps receivers with chanaslgood as the targetedh-percentile
receiver’s to recover packets, receivers with worse-tiaageted channels will suffer great losses. Note
that setting target to the lowest denominator (receiveh wiite worst channel) does not relieve sub-
optimality; targeting JSCC for the worst receiver in a largeup would mean expending majority of
transmission budget for channel coding, leaving few sobitseto eliminate source quantization noise and
resulting in poor video quality. Common practice like [3jvadates targeting the average user=( 50)

as a good tradeoff poiht

Recent research on ad-hoc group of multi-homed device§l]8—each equipped with both a WWAN
interface like 3G and WLAN interface like 802.11—proved thigeful transmission paradigms beyond
traditional server-client model can be constructed. [9vedd that aggregation of an ad-hoc group’s
WWAN bandwidths can speed up individual peer’s infrequent lursty large content download like
web access. [10] showed that smart striping of FEC-protectdalyetonstrained media packets across

WWAN links can alleviate single-channel burst losses, @/aoiding interleaving delay experienced in

It can be shown that our proposed scheme can outperform corvahsichemes when is set to any valuep = 50 is used

simply as a convenient known comparison point.
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a typical single-channel FEC interleaver. Our CPR work [4], [&]L], [12] extends this research line
on ad-hoc multi-homed peer group to local recovery of WWANItroast packets via WLAN packet

exchanges.

In essence, CPR exploits disparity gain in a heterogenedigsthee by redistributing received WWAN
broadcast/multicast packets from rich receivers to pooeivers via WLAN. ([13] have independently
proposed similar WLAN cooperative scheme recovering WWARNabicast/multicast losses, though our
first work [4] pre-dates theirs.) We have also designed andg®ag structure on network coding [11],
[12] for a group of video pictures (GOP) to optimize video dyain a rate-distortion optimal manner
if only a subset of the lost WWAN packets can be recoveredngliraited WLAN network resources.
Our proposed JSCC in this paper differs in that we can exptat bisparity and ensemble gain, so that
even in a scenario where the peers’ channel statistics artasiand CPR is marginally helpful (to be

shown in Section VII), our scheme can still improve perforocegreatly by exploiting ensemble gain.

Network Coding (NC) has been a popular research area sintmvAtie's seminal work [14], which
showed that network capacity can generally be achievedyud®. Recent works [15], [16], [17] have
proposed to optimize video streaming using NC. While ouncitred network coding work [11], [12]
also performed rate-distortion optimization, applicatmf NC in the context of CPR, including a clever
use of randomization when a peer selects a NC group to coddransimit a packet in a distributed
manner, is novel. Moreover, our proposal to use NC for thd guapose of both WWAN-FEC and

WLAN-CPR is new.

In [18], the authors proposed priority random linear coaes2P and sensor networks such that more
important data has a higher probability to be recoveredutjinanode failures. The structure of the priority
codes is similar to our SNC. However, our application of NCnisvideo streaming and we provide a

rate-distortion optimization framework to find the best N@isture.

Ill. COOPERATIVEPEER-TO-PEERREPAIR

To motivate our JSCC optimization for a CPR collective, we wviev our CPR work in this section.
We first discuss source and network models that are also usedife@urrent work in Section IlI-A and
I1I-B. We then discuss two types of network coding a peer cam to encode received WWAN packets
into coded packets before CPR exchange for improved recovexgitional unstructured networking

coding(UNC) in Section 1lI-C and our proposestructured network codin¢SNC) in Section I1I-D. Our
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proposed NC-based FEC for WWAN, to be discussed in Section I¥lsis based on SNC.

A. Video Source Model & Assumptions

We use H.264 [19] codec for video encoding because of itsgoreuperior rate-distortion performance
over previous coding standards. A H.264 video stream is ess@f Group of Pictures(GOP), each
composed of a starting I-frame followed By — 1 P-frames. CPR repairs one GOP at a time: after a
media source transmits a GOP &f frames via WWAN multicast in time duratioli, peers exchange
CPR packets via WLAN to repair this GOP in timé during WWAN multicast of the next GOR is
hence also thespair epochin which CPR must complete its repair on a given GOP. The pldybatfer

delay for each peer is two repair epochs.

Each P-frameF; uses its previous framé;_; for motion compensation, and the GOP forms a
dependency chain. We assume that a fraihés correctly decoded if it is correctly received, and the
frame it referenced;_; is correctly decoded. If a framg; fails to decode, the decoder will display the

most recent correctly decoded framg, j < 4, for simple error concealment.

Each video frameF; is encoded from original picturé’® with source coding ratei. Rateri is

ri

subsequently divided intd! = {spﬂ source packetsP; = {pi1,piz2, .-, pi,r: }, for transmission,

where S, is the maximum packet size. If a frame cannot be divided imtingeger number of packets,
the last packet is padded with zeros, similarly done in [Ng]te this is only performed for the purpose
of CPR. When the packets are transmitted through WWAN, thelipgdbits are removed and there
is no bandwidth waste. Each frani¢ has an associated, the resultingdistortion reductionif F; is
correctly decodedd; is calculated as follows: it is the visual quality (PSNR) ofngsidecoded frame
F; for display of original pictureF??, plus the error concealment quality of using decoded frafméor
display of later picturesFJQ’s in the GOP,j > 1, in the event thatF';’s are incorrectly decoded, minus
the error concealment quality @;_; (if one exists). This meang; is a function of both source coding

rate for F;, %, and coding rate fo#;_;, ri~',

B. Network Model & Assumptions

We assumeéV peers are listening to the same WWAN video multicast usieg thulti-homed devices,
which are also equipped with WLAN interfaces. We assume diabthe peers are physically located in

close enough proximity that a peer-to-peer wireless adstedeork can be formed. For simplicity, we
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denotemedia sourcgo mean both a media encoder (where video streams are encadeddhe actually

video multicasting entity over WWAN.

For WWAN, we assume peers in the same WWAN multicast grouperempce different statistical
channel conditions, resulting in different subsets of nemk WWAN packets in a GOP. For WLAN,
though raw transmission rate like 802.11 is relatively ¢éangeers need to contend for the shared medium
for transmission in a distributed manner so that the ocoege of collision and interference are reduced.
For brevity, we omit the discussion on a distributed aldnit[20] that schedules WLAN ad-hoc peer
transmissions. We simply assume a peer can on average geBetotal repair packets successfully
via WLAN-CPR in a repair epoch, which varies depending on até&l WLAN resources for CPR

(constrained by factors such as power [11], [12], contemdiross traffic [20], etc).

C. Unstructured Network Coding based CPR

At a given WLAN-CPR transmission opportunity (as dictated bgcheduling algorithm [20]), what
packet should a peer broadcast locally to its neighbors idM? We have proposed for each peer to
encode received WWAN packets into a coded packet using N[bre performing CPR exchange [20].
The traditional UNC method [21] in the CPR context works asofei. GivenM frames in a GOP,
F = {F,...,Fyp}, we first denoteP* as the set of correspondintative packetdin the GOP, i.e.,
P* ={Pi,...,Pu}. There are a total aP = |P*| = Zf”:[l R! native packets to be disseminated among

the peers.

We denotej,, C P* as the subset of native packets peaeceived via WWAN multicast from media
source, and?,, as the NC packets peer received via WLAN from peers. Peer can then compute a
UNC packetg, for WLAN-CPR exchange using, and Q,, as follows:

dn = Z ai,jpi,j"‘ Z bmqmz Z CijDij> (1)

Pi,j€Gn 4m€ELn pi,; EP*

wherea; ;'s andb,,’s, random numbers in Galois FieldF'(O), are coefficients for the original packets
and the received encoded NC packets, respectively. As shio@l), ¢, can be rewritten as a linear com-
bination of only native packets usingtive coefficient vectov = [c11,...,c1 R, ..., CM 15 -+, Cap RM ]
For UNC, all available native packets and NC packets at a peer are useydoy NC encoding. A
peer can reconstruetll P native packets when a@nnovative sebf P native or NC packets are received,

recovering all frames. By innovative set, we mean that thev@a&oefficient vector of a packet in the set
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cannot be a linear combination of native coefficient vectdrstber packets in the set. The shortcoming
of UNC is that if a peem receives fewer tha® innovative packets, then this peer cannot rec@arer
native packets using the received NC packets. This happees WH.AN resources for CPR are limited,

leading to smallB total CPR exchanges available for possibly large number ofANVidacket losses.

D. Structured Network Coding based CPR

To address UNC's shortcoming, we have proposed SNC. By imgosiructure in the coefficient
vector, we seek to partially decode at a peer even when fdveer® innovative native or NC packets
are received. We accomplish that by forcing some choserficeetsa; ;'s andb,,’s in (1) to be zeros
during NC packet generation, so that when a peer receiv@movative packets; < P, it can decode

m packets {n linear equations fom unknowns) and a subset of video frames in a GOP can be recbvere

More precisely, we first define a series & SNC frame groups®©.,...,0x, where©; C ... C
Ox = F. O, is the most important frame group, followed By, etc. Corresponding to each SNC frame

group©, is aSNC packet type. Let g(j) be index of the smallest frame group that includes fraiie

g(j) = arg —I{linx |©,| s.t.Fje€0,. (2

Native packets of framé’; are of SNC packet typg(j). The NC packey,(x) of type = given peer’s

set of received or decoded native packgtsand set of received NC packefs, can now be written as:

()= Y Ulg(j) <) aigpig+ D U@@n) <) bugm = D cijpij, @)

Pi,;€EGn qm€Qn Pi,j €O,

whereU (c) evaluates tal if clausec is true, and0 otherwise. In words, peets constructs NC packet
of SNC typez by linearly combining received or decoded native packetsarhes in®, and received

NC packets of SNC type z.

At each WLAN-CPR transmission opportunity, a peer randomlgcie one NC groug, with NC
group selection probability3(x) for transmission. Grou®, can be decoded i§ . o R! innovative
packets are received. By selectifgr)’s appropriately, a peer can have a high probability of dewypd
important frame group®,.'s even if a peer fails to receive al? innovative packets after a CPR repair

epoch.
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For the ease of later derivation, we write the probabilityttfewer thann NC packets of frame group

x can be delivered in a CPR epoch as follows:

m—1 B T k X Bk
Q(m,x)~ > (k> (Zﬂ(i)) ( > 6(z‘>> @)
i=1 1

k=0 i=x+

IV. VIDEO MULTICAST SYSTEM OVERVIEW

Given the existence of a CPR collective, we now discuss howbksed FEC can be added for
WWAN transmission to protect against packet losses erghtbin combination with WLAN-CPR. We
first overview how we use NC for the dual purpose of WWAN-FEC and WEBPR. We then discuss a

WWAN collective packet loss model used to construct an dhliedunction for our JSCC optimization.

A. Network Coding based WWAN-FEC

F1 F2
N

®

ey
™

1

®,

o,

Fig. 1. An example NC-FEC GOP with three frame groups.

Though FEC like Raptor Code [8] are commonly used to protectcgopmckets from WWAN multicast
losses, we propose to use NC for the dual purpose of WWAN paake protection (WWAN-FEC) and
WLAN-CPR packet recovery (WLAN-CPR). Theoretically, NC can bedisimply as FECn — k parity
packets can be computed using NC to protectource packets. Like Reed-Solomon Code [22], it is
a perfect codei.e., receiving anyk of n transmitted packets constitutes full recovery. Howevef, N
requires matrix-inversion to solvie equations fork unknowns to recover original packets. Given we are
optimizing one GOP at a time, the total number of source paciee relatively small, and decoding

complexity is not a major concern.
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We use NC for WWAN-FEC as follows. First, media source generBES packets;(z)’s for each

defined SNC frame groug@,, using NC as follows:

q(z) = Z Ci,jPij- (5)

p,:‘jG’P,y,F,;E@T,
Though similar to (3), FEC packets are generated using onlyengtickets in frame grou@,, all of

which are available at the source. We defssgments, as the set of frames in frame gro@. but not
Op—1, 1., F; €0, \ O,_1.

As an illustrating example, Fig. 1 shows an NC-FEC encoded G@Ptiniee frame groups. There are
two WWAN-FEC packets generated fér, of two frames and six source packets, and one WWAN-FEC

packet generated fad, of four frames and ten source packets, etc.

The computed WWAN-FEC packets are sent along with source maelkei?WWAN multicast to peers.
Because WWAN-FEC are encoded using the same SNC, to a receiemgreceived WWAN-FEC
packets from source are no different from WLAN-CPR packets freighbors and subsequent CPR
process can proceed exactly the same as done previousty.doisg, a peer can construct and exchange
CPR packets without first decoding WWAN-FEC, so that peers raaginsufficient number of WWAN
packets for WWAN-FEC decoding can nevertheless participadecantribute to CPR. Moreover, WWAN-
FEC decoding and WLAN-CPR decoding can be done at the same tintee @ntl of a repair epoch,

reducing decoding complexity.

B. WWAN Collective Packet Loss Model

The working assumption for CPR is that a source packet is reddor if FEC ofk source andh — k
FEC packets are used, at ledsbf n packets are received) by at least one peer in the collectare v
WWAN multicast for CPR recovery to function. This is valid wheWWAN JSCC is optimized for the
individual nth-percentile receiver; rich receiver with better charstatistics will correctly receive packets
with high probability. However, as we allocate more bits targe coding out of a fixed transmission
budget to exploit disparity and ensemble gaMWAN collective packet loss probabiitthe likelihood
that a packet is lost to the entire collective, becomes faage must be modeled carefully in our JISCC

work.

Note that we assume we are optimizing JSCC for a known WWidticastCPR collective\, where

the size of collectiveV and corresponding channel statistics (to some degree oisfpre), are known.
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This is in contrast to a WWANbroadcastscenario, where the number of receivers and their resgectiv

channel statistics are unavailable.

If packet losses are spatially uncorrelated, the collegtiscket loss probability is simply the product
of individual peer loss probabilities. Due to shadow effantl signal strength attenuation with respect
to distance, however, peers with similar physical locatiomy experience spatially correlated WWAN
losses. We introduce as the spatial correlation factor which captures this &ffee- 0 (= 1) implies fully
spatially correlated (uncorrelated) packet loss. The damrdil WWAN collective packet loss probability,

I, given a targetedith-percentile peer has lost the packet, can now be written:

Lot ™ H (lm)f =~ (la1)g)p(N71)a (6)

meN\n
where N are the peers in the CPR collective, andis the individual loss rate for peen. [,,’s could

be channel estimates sent infrequently but periodicatiynfireceivers’ to WWAN source, or estimated

by WWAN source based purely on receivers’ proximity to WWABISkE stations.

In the absence of per peer channel statistics, source ctwaihssd,,,, the packet loss rate for the

average peer in typical network condition, as the loss ratell peers.

V. UNSTRUCTUREDNETWORK CODING CASE

To impart intuition, we first describe how JSCC for a CPR collecttan be performed using UNC.
JSCC using SNC, to be described in Section VI, will be a natur&rskxon. We first derive the
optimization mathematically. We then show it agrees with iotuition at the two boundary cases when

CPR is unhelpful or perfect in packet recovery.

A. Joint Source/Channel Optimization for Single Frame Group

Let the optimization variables b, the number of source packets, akd the number of WWAN-FEC

packets. The objective is to minimize the expected distoréibthe average peen & 50):

énill%l {D —d(Rs)(1 — pgrp(Rs, Rc))} St.Rs+ R. <R, @)

where D is the distortion if no packets are received at a pdéR;) is the distortion reduction iR,

source packets were used to encode the GQR(R,, R.) is thegroup loss probabilityif R, source and
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R. WWAN-FEC packets were used, artlis the WWAN packet budget available for transmission for
a GOP.

Group loss probability,,, (R, R.) is the probability that more thaR. packets are lost in WWAN,

and CPR cannot recover enough of those losses for full recovery:

i=R.+1 ?

Rs+R.
(R4 R\ L
pgrp(R87 R(‘) = Z ( . ) lm,g(l - lm)g)Rs+Rc *pcol(la Rc)a (8)

where p..; (i, R.) is the collective loss probability-the probability that the collective cannot recover
sufficient number of packets for recovery giviepackets were lost by the peer,,; (i, R.) first depends on
pisuf (1, Re), thecollective insufficient probabilityhat insufficient number of packets have been delivered

via WWAN to the collective for CPR, given peer hasosses already:

Peol (Z, Rc) = Pisuf (Za Rc) + (]- — Pisuf (L» Rc)) Q(l) (9)

where (i) is CPR loss probabilityfor UNC, as compared to Eq. (4) for SNQ\(i) is 1 if i is greater
than B and 0 otherwise. If the CPR collective has sufficient numberaakpts for CPR with probability
1 — pisur (4, Rc), then CPR is functional and the peer suffers losses only wHeR fails. The collective

insufficient probability,p;s, (i, R.), can be written as:

i—R.—1 .
pisuf(i’RC) = Z ( Z ) (1 - Lol)j( col)iij' (10)

j=0 J

(10) says among thelost packets by the peer, onjypackets are received through the collective and the

rest are also lost by the collective. Therefore there is no tlaythe peer can recover the whole packet

group.

B. Boundary Cases

We check the two boundary cases for our derivation as folldfv€PR is unhelpful and)(i) = 1,
then collective loss probability.,; (i, R.) = 1. Our optimization (7) and (8) defaults to optimizing JSCC
for the average peer without CPR, agreeing with our intuition

If CPR is perfect and loss probabiliy(i) = 0, then collective loss probability..; (i, R.) = pisuf (i, Re).

Substitutingp; . (7, R.) back to (8), we have:
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Rs+Rc R.+ R. ) _— i—Re—1 . o
pg’l‘p(R57 Rc) = Z . l;ug(l - lav FHe— X Z 1 - lcol) (lcol)lij' (11)

i=Re+1 ?

Rearranging the two sums, the product terms in (11), andessprg the combinations explicitly, we

get:

Rs+Re i—Rc.—1 R —|—R )' v o
" RS R . 1_lav RatRe—i lav ]-_li-o ’ la'u l:*o 7‘—]' 12
prolfte )= 2 ]Zo Rt Ro— i (=gt < (e [favs (1 = Leat))” (lavglear) (12)

Now change the variablesto &, i to m + k, and change the upper and lower limits of the sum in (12),

we can writepy,,(Rs, R.) as follows (assumind?, + R. = R):

R —m =
R)! R
= Z Z % X (1 = lavg)*m " [lavg (1 — l/col)]k (lavglior)™

R R Rm [ p_ 5 k
= Z m (l"'vgl,col)m X Z k (1 - la’U{])RinbilC [ Ug(l col)}
+1

m=R, k=0
Rs+R
s c Rs+ R 3
= Z ) ‘ (lavglior)™ (1 = lavgligy) et e,
m=R.+1 m

The last step is due to Binomial Theorem. Our optimization n@fadlts to optimizing foranycast if
enough packets are received by any one peer within the tiellethen the whole collective can recover

the GOP. This agrees with our developed intuition in the bhiion.

VI. STRUCTUREDNETWORK CODING CASE

In this section, we extend the JSCC optimization for a CPR ciblie discussed previously to SNC.
Beyond searching for the best resource allocation for WW/hNree and channel coding, we need to
consider jointly the optimal SNC as well. We first define the otbyedunction and derive the optimization.

We then present heuristics to obtain locally optimal optation parameters in a time-efficient manner.

A. Optimization Objective

The expected distortio®s .~ in one GOP for an average peer, assumiidrame groupsd,’'s, can

be written as:

€Sy

Dsio=D - Z(Zd (rd,ri ) a(), (13)
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whered;(rt, ri=1) is the distortion reduction foF;, given F; and previous framé;_; are encoded with

ratesr, andr, ', respectively, andv(x) is segments,. recovery probability.y" . d;(r3,r7") is the

distortion reduction for segment,.

Our objective is to minimize the expected distortion:

min D , 14
o pian o Psve (14)
with WWAN transmission constraint:
M oo Mo
Z[ S% R. < R, (15)
Spkt

=1 =1

where3>"M | R! is the total number of WWAN-FEC packets. Note with source cgdater?, framei is

packetized intoR! packets to perform NC.

B. Optimization Formulations

We derive the segment recovery probabilityr) as follows. We first define the following events:

o C,: NC frame group©, is recoverable.

« B,: frames in segment, is correctly decodeable3, = C, UC,41 U...U Cyx.

With the two events, we can express the probability that é=iin segment; are not decodeable as:

Pr(B;) = Pr(CinCyn..NCx) (16)

PT(Ol)PT(CQ|Cl)...PT(éX|CX_1, ceey Cl)

Each of the product terms in (16) can be obtained by utilizimg droup loss probability (8) derived for

UNC, with an extra parameter to identify the particular feagroup in question:

Yy
Pr(Cy|Cy-1, ... C1) = parp(d _RL = 1,RY — 1,), (17)

i=1
wherepy,,(Rs, R¢,y) is now the group loss probability for NC group In words, (17) says that given
the previous frame group®,,1 < i < y — 1, are not recovered, the probability that the current frame
group ©, cannot be recovered is roughly the probability thatdafl_, k! — 1 source packets cannot be
recovered givenkR? — 1 WWAN-FEC packets. Note since we know previous frame groupsiatahe

recovered with their WWAN-FEC packets, the current frame growst spend at least one WWAN-FEC
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packet to help the previous frame groups, which results én-thin both the source and channel coding

packets.

Using Pr(B1), we can expres®r(B;) as:
Pr(Bs) = Pr(By) + [L — Pr(B,)|Pr(Bs|By). (18)
In words, frames in segmenrt cannot be decoded if frames in are not decodeablé?r(Bs|B;) can
be written as:
PT(CQ n C’d n...N C’XlBl)
= PT(CQ|Bl)PT(O3|02, Bl) e Pr(éx|CX_1 SN 627B1),

where:

= PT(Cl)
~ 2 2
PT(CQ|B1) ~ pgrp(Rszc72)Pr(Bl) (19)
Y
Pr(Cy|Cy-1,...Co,B1) = pgp(d>_ RL—1,RY—1,y). (20)

=2

In words, given segment; is decodeableR? WWAN-FEC packets can be used to protét} source
packets only. See Appendix for a derivation of scaling faéré%%.
By calculating Pr(B;) iteratively from segment; to sx, we find all the segment irrecoverable

probabilities wherex(z) = 1 — Pr(B,).

C. Fast JSCC Optimization

(14) involves the optimization of four sets of variablesus® coding rates’’s, NC groups©,’s,
WWAN-FEC for the NC groupsi’’s, and peers’ NC group selection probabilitiéér)’s. Exhaustively
searching for the best combination is simply not practitéénce we use Algorithm 1 to iteratively
optimize source coding and SNC structure in turn separately.

We first initialize the total number of WWAN-FEC packets to Be= > R. Given T and an
initial segment recovery probability’s, we find the optimal source bit allocatiori’s using Algorithm
OptimizeSourd®. Then given source bit allocatiort’s, we find the optimal SNC frame groug3,’s

and corresponding probabilitie$(z)’s using Algorithm OptimizeSNQ. We iterate until we converge
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to a solution. We perform this for all feasible values Bfto find the best solution. We describe

OptimizeSourdg and OptimizeSNQ in more details below.

Algorithm 1: Iterative Joint Source/Channel Optimization

Dgit, = oo;

for T=1to Rdo

Rgudget - R Spkt B TSpkt;

while converge = Odo

ri’s = OptimizeSource(’s, R%‘%9°");

(DG e s, ©a's, f(x)'s] = OptimizeSNC({’s);

if DG < D, then

+
‘ min  __ mycur -
S+C — FS+C»
end
end

end

returnri’s, ©,’s, Ri’s, B(z)’s;

1) Source Bit Allocation:To obtain optimal source bit allocation given total avalimtesourcd%g“dget,
we use a well-known heuristic algorithm in [23]. The crux oé talgorithm is as follows. First, build
a M-stage dependency trellis from left to right where a stageesponds to a frame. Each stage has
multiple states corresponding to possible quantizatigelée Then, starting from the first stage, iteratively
trace all feasible paths from all possible states from oagesto all possible states in the neighboring
stage, calculate the corresponding Lagrangian costs fopdities along the way. Finally, identify the
path in the trellis that yields the minimum Lagrangian cokg bptimal quantization levels of frames
correspond to the states of stages in the optimal path. Theén&esistic used isnonotonicity i.e., the
dependent frame’s family of R-D curves are monotonic in therfass of the quantizer choice associated
with the parent frame from which they are derived. Note thah@the growing of the dependency trellis,

only the paths that pass the heuristic test are selectedefbhney the computation complexity of the path

identification process is greatly reduced. See [23] for detail

2) SNC OptimizationGivenr:’s returned from source bit allocation, we obtain the distorreduction
d;'s for each frameF;. Then, our SNC optimization algorithm finds the best SNC stredfy’s, peers’
NC group selection probabilitie§(x)’s, and the WWAN-FEC packet allocatioR:’s. We first observe
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the following: because a GOP is a dependency chain, a frartteeishain is of greater importance than
it descendant frames, and frant¢ should not be allocated more resource than frame; < ¢. The

observation has two implications: i) a parent frame showtl be assigned a NC type larger than its
children frames; and ii) NC group selection probabilities AWWAN-FEC packets for each NC group
should be monotonically non-increasing. Using the two iogtlons above, we design the following

scheme.

We first assignV/ NC types to thel/ frames from first frame onwards. We then compgdte)’s and
R!’s that result in the smallest distortion (to be discussext)néNext, we find the best “merging” of
neighboring frames—assigning the same NC type to the maygrg—that result in the largest decrease
in expected distortion. Each merging results in a new NC &iragc again we computé(x)’s and R''s

that result in the smallest distortion. We continue unfildigtortion-reducing mergings are explored.

To obtain possibleR!. allocation, we observe the second implication. We first divid by two and
allocate half of the packets to frame group 1. The rest of tlukgia are evenly allocated to the rest of
the frame groups. Then, we allocate half of the packets to thetfiro frame groups, and the other half
to the rest of the frame groups. We stop this procedure whemust allocate more FEC packets to the
latter frame groups, i.e., afteé} allocation rounds. We use similar resource allocation gdace for the

generation of3,.

With the above local search scheme, we need to check at Mosterging operations foM/ frames
in each iteration, and there are at mdgt iterations. Hence there are at mast?> merge operations
performed. As for the resource allocation regardﬁg and g, each takes§ rounds. Combining the

M2X?
4

three resource allocation problems, in all the search spiaeeis , which is significantly less than
an exhaustive search. With this fast scheme we can boundptiaipation in a reasonable amount of

time for fast online implementation.

VIlI. EXPERIMENTATION

In this section, we verify the effectiveness of our JSCC ojziiion for a CPR collective. We first
discuss simulation setup. Next, we dissect one solutiomrmet! by our optimization for intuition. We

then compare our system performance with previous JSCC sshander various network settings.
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Algorithm 2: Optimize SNC Structure
Input : 7., T

Output: DZ7, a0, X, 0, 3,
X=M,;

Dgic =00 ;
fori=1to M do

for j=1to M —ido
Based on the merge result of round- 1, merge©; and©; 1,

Set X to current;

for k=1to % do
Allocate % packets evenly to first frame groups ;

AIIocate% packets evenly to the resf — k frame groups ;
for m=1to % do
AIIocate% evenly to firstm frame groups as transmission probabilities;
AIIocate% evenly to the restX — m frame groups as transmission probabilities ;
Calculate DY ;
if D?f:c < D5+C then

Dsic=Dglc;

=

Setrg, R, X, 0., 5,(x) to current;

end

end

end

end

end
return s, Re, X, O, Ba(2);

A. Simulation Setup

Two test video sequences were used for simulations: 300efrIPEG class Anews and class B
f or eman sequences at QCIF resolutioBb? x 288), at 30 fps and sub-sampled in time by 2. The GOP
size was chosen at 15 frames: one I-frame followed by 14 Pdsaifhe H.264 codec used was JM 12.4,

downloadable from [24].

We considered a CPR network of size0 x 500 m? where peers were uniformly distributed. All the
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peers used the broadcast mode of WLAN, and so no feedback gessgere sent from the receivers
and no transmission rate adaption was performed. We ashanthé peers do not move during the CPR
process. Given one GOP was 15 frames and video was encodédfs, one epoch tim@” was 1s.
Maximum packet size was set t@®00 bytes. We assume the MBMS multicast transmission budget is

220 kbps.

We explored two WWAN packet loss models: Homogeneous pdoketHV) and Heterogeneousi()
packet loss. IHM the WWAN packet loss was iid and all peers have the same &e6.8. In HT, peers
within the 5%] X %mz square had HM loss with loss rafel5, while peers outside of the square had
HM loss with average loss rat&45, which captured the spatial packet loss characteristic. Guezall
average packet loss rate, however, remaigs We assume WWAN losses among peers are not spatially

correlated [25], and the correlation factetis 1.

We used QualNet [26] to conduct the simulations. To have thedom to vary CPR bandwidth to
reflect different amount of WLAN resources available for CPRarmdifferent network settings [20], we

selectedAbstract PHYin QualNet and set all of the parameters to be the defaultegailu 802.11.

B. Simulation Results

1) Optimization ResultsWe first show the effectiveness of our JSCC optimization by erisg
some of the solutions returned, i.e., the number of WWAN-FECkets, number of frame groups,
and quantization levels, with respect to three CPR workirenados: CPR recovery is unhelpful, CPR
recovery is helpful but not perfect, and CPR recovery is vaagdy The parameters shown in Table |

used the first GOP df or eman sequence. WWAN loss rate was 0.3.

CPR Good CPR Half-helpful | CPR Unhelpful
# WWAN-FEC | 2 7 14
# FG 5 10 1
QP 7 frames 30 & 8 frames 31 32 8 frames 35 & 7 frames 36
TABLE |

JOINT SOURCEHCHANNEL OPTIMIZATION PARAMETERS

From Table | we can see that when CPR was unhelpful, substaetiabrk resources were allocated to

WWAN-FEC packets, and thus few resources were left for sourdeng, resulting in coarse quantization
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levels and bad video quality. When CPR was unhelpful, theieamdy one frame group. This is intuitive
because all the WWAN-FEC packets were devoted to protect thbeahative packets. When CPR was
half-helpful, there was 10 frame groups. This again verifies intuition of SNC that as long as the
important frames can be recovered, performance can belyiegiroved. When CPR was good, the
number of frame groups reduced as compared to CPR half-helgfa number of WWAN-FEC packets

also reduced due to the improved CPR quality.

2) Optimization for a CPR Collective vs. Optimization for rage Peers: We compared resulting
visual quality (PSNR) when the JSCC was optimized for the awepsger in the collective and for the
disparate average peer. Note for the latter case, we stiibqpeed CPR to assist poor receivers recover
lost WWAN packets. We also compared performance of trathlieystem optimization scheme where

JSCC was optimized for the average peer and CPR was disabled.

T T T

381 - 3
8 36} 1
% —&— JSCC wi CPR for collective. HM loss | 4
a 34r —4A— JSCC w/ CPR for disparate avg. HM loss| -

—— JSCC w/o CPR. HM loss
3¢ Y Y Y Y
0 200 400 600 800 1000

Data Rate (kbps)

—&— JSCC w/ CPR for collective. HT loss 1
—&— JSCC w/ CPR for disparate avg. HT loss
—v— JSCC w/o CPR. HT loss

PSNR (dB)

200 400 600 800 1000
Data Rate (kbps)

Fig. 2. Performance comparison between optimization for the colleatidda the disparate average pedrsr enan sequence.

Top of Fig. 2 shows the video quality for tlier eman sequence withdM packet loss model and CPR
data rates ranged from 0 to 1000 kbps. When the system wasipgti for the collective, we see that
with the increase of CPR data rate, video quality was greatlyroved. This was in sharp contrast to
the system optimized for the disparate average peer, wheReWas only helpful at the beginning. This
is due to the fact that when the system was optimized for tepadlate average peer, the WWAN loss

rate was fixed, which resulted in a limited maximum PSNR achie@dthe other hand, our proposed
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JSCC optimization can still exploit thensemblegain in HMfor better video quality. The maximum gain

was 3.2 dB when the data rate was 1000 kbps.

Bottom of Fig. 2 shows the video quality fdror eman with HT packet loss model. We observe
that optimizing for the collective brought similar trend pérformance improvement. However, when
the system was optimized for the disparate average peelike iiM we see a gradual video quality

improvement. This is due to the fact that CPR can now expligpparity gain unattainable before in HM.

By disabling CPR, in both the plots in Fig. 2, we have the pertoroe of the system under traditional
average-peer optimization criterion. Our scheme outperdd traditional scheme by 5.9 dB fe#M and

by 8.4 dB forHT.

42 T T T
_Eg 40+ —&— JSCC w/ CPR for collective, HM loss E
>t —&— JSCC w/ CPR for disparate avg, HM loss
Z —— JSCC w/o CPR. HM loss
P 38t i
o

36 ; ; ; ;

0 200 400 600 800 1000
Data Rate (kbps)

42 T T T T

a0t —©— JSCC w/ CPR for collective, HT loss
@ —=4— JSCC w/ CPR for disparate avg, HT loss
g agl —— JSCC w/o CPR. HT loss
2

361 : 4

34“‘ Y Y Y Y

0 200 400 600 800 1000
Data Rate (kbps)

Fig. 3. Performance comparison between optimization for the collectidef@a the disparate average pearsws sequence.

We saw similar performance trends for thews sequence in Fig. 3. We obtained 5.3 dB and 7.4
dB improvements over traditional scheme unéiM and HT models, respectively. Comparing to JSCC
scheme optimized for disparate average user with CPR, wénebitd.4 dB performance improvement

under bothHM and HT models.

VIII. CONCLUSION

In this paper, we optimize joint source/channel coding faCRR collective for WWAN video mul-

ticast and achieve significant performance improvement traglitional system optimization schemes.
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Specifically, we can afford to devote more bits to source codingof a fixed WWAN transmission
budget without an increase in channel losses by exploitispadity and ensemble gain inherent in a
CPR transmission paradigm. Our simulations showed thatauot $ource/channel coding optimization
scheme outperformed a previous scheme by up to 8.4 dB whiatesmurce/channel coding is performed
but WLAN CPR is not used, and up to 4.4 dB when CPR is used but WWAMcséchannel coding is

optimized separately.
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IX. APPENDIX

A. General Case for Segment Recovery Probability

We extend Eq. (18) to general case as follows:

PT(By) = PT(By—l) +[1 - PT(By—l)]PT(By|By—1) (21)

Pr(By—1) can be calculated iteratively.

where

Pr(By|By—1) = Pr(CynCyt1N..NCx|By-1)
= Pr(Cy|By—1)Pr(Cy41|Cy, By-1)...Pr(Cx|Cx 1, ..., Cy, By—1), (22)
= P’I'(C 71)
~ vy py L \Cy—1)
Pr(Cy|By—1) = pgrp (RS, RE, y) Pr(By_1)’ (23)
Pr(Cy-1) = Pr(Cy-1|Cy—2)Pr(Cy-2) + Pr(Cy-1|Cy—2) Pr(Cy-2)
y—1 )
~ pgrp(RgiaRgilay —1)Pr(Cy—2) + pgrp <Z Ry, Ry — 1) (1= Pr(Cy—2)). (24)
i=1
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B. Derivations for the scaling factor in Eq. (19)
Due to the definition of evenB;, Eq. (19) can be expanded as follows:
Pr(Cz|By)
= Pr(C2|C1UC2UCs)
= Pr(Cs|Cy)Pr(Cy|C1UC2UCs)
+Pr(C2|C1 N C2)Pr(Ch N C2|ChLUC2 U Cs)

+P7‘(C‘2|C‘1 N CQ)PT(Cl N C’Q|C1 U C2 U Cs)
PT(Cl) I PT(Cg‘CH N ég)PT(él N ég)

PT(Bl) P’V‘(C1 UCQUCg) (25)

Q

Pgrp(Rza Ri? 2)

The last term in Eq. (25) can be ignored as long as not too many FEK2{saare allocated to the last
frame group. This is true in our setup because the importahd¢beoframe groups are monotonically
non-increasing. By omitting the last term in Eqg. (25), we obtthe approximation in Eqg. (19). The

general case for Eq. (19) can be similarly obtained.
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