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Abstract

We propose a sender-driven system for adaptive streamamg fnultiple servers to a single receiver over separate n&two
paths. The servers employ information in receiver feedbackestimate the available bandwidth on the paths and thempue
appropriate transmission schedules for streaming medieepato the receiver based on the bandwidth estimates. tmiaption
framework is proposed that enables the senders to compritdrdmsmission schedules in a distributed way, and yeytauhically
coordinate them over time such that the resulting videoityuat the receiver is maximized. To reduce the computaticomplexity
of the optimization framework an alternative techniqueeoaen packet classification is proposed. The substantiaictie in
online complexity due to the resulting packet partitioningkes the technique suitable for practical implementatimhadaptive
and efficient distributed streaming systems. Simulatioitls imternet network traces demonstrate that the proposkdien adapts
effectively to bandwidth variations and packet loss. THeywsthat the proposed streaming framework provides supgeidormance
over a conventional distortion-agnostic scheme that pesgroportional packet scheduling on the network patherdag to their
respective bandwidth values.

I. INTRODUCTION

Collaborative streaming has drawn considerable attertidacent years. One of the scenarios that fall into thisgmateis
distributed streaming, where multiple senders transntik@ts over separate network paths to a single receiversétting can be
encountered for example in Content Delivery Networks (CPM&ere multiple streaming or edge servers may stream meutia
data to a single client, or in peer-to-peer (P2P) overlawoeks, where a client may have access to the same multimetka d
at multiple peers in the network. A related concept is theitBig-ountain model [1] where the system tries to minimize th
download time of a file at a client by connecting to multiplenoi server sites.

The possibility to receive the same data over multiple pathseases the resilience of the media presentation to mietwo
outages or congestion onsets. These may occur on some dittieegmd thereby may prevent the timely delivery of the datis u
sent exclusively over those individual paths. Furthermibrthe network paths exhibit good transmission quality @ybe still
desirable to spread the transmissions of the media datarauéple paths, i.e., to send different data units overedéht paths, in
order to reduce the start-up delay of the client applicagiod to ensure smooth and continuous play-out. The adaptéansing
session can be controlled either by the receivers, or byahdess. The latter solution provides several advantagesrims of
media optimization, since the relative importance of thelim@ackets can be known at the servers. In addition, theogeynt
of practical solutions is facilitated in this case sincentEnagement of overall network resources becomes easikthawclients
do not require any complex or non-standard functionalitgdoess the streaming application.

We propose in this paper a distributed sender-driven sirepsolution where servers collaboratively adapt to thevoet
status in order to provide the media client with a superidewiquality. Instead of computing transmission scheduesvery
sender as in receiver-driven approaches, the client onhjtors incoming packets and sends back information abeuétwork
availability. This information is distributed to all thersers, such that they can coordinate the delivery of the angleam, and
avoid wasting bandwidth resources. Bandwidth estimashan used in conjunction with a rate-distortion optimmaframe-
work to compute appropriate transmission actions at eauttiese In essence, this framework enables the senders, baged
feedback information from the client, to compute indeperttigeyet in a coordinated fashion, what their respectiam$mission
policies should be, given the available bandwidth on eatiwar& path. In order to maximize the resulting video quatditythe
receiver, each sender takes into account the relativertissiomportance of every video packet when computing assmission
policy.

The computational load imposed by the global optimizatramfework, however, increases with the number of serverghwh
may be prohibitive in practical scenarios. Therefore, wappse an alternative algorithm based on a priori packesifieegtion.
The technique achieves similar performance with a dramlaticeduced complexity, thereby providing an interessotution for
practical and scalable implementations of adaptive andeffi distributed streaming systems. Simulation resulteeal internet
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traces demonstrate the superiority of the proposed ratertibn optimized system compared to distortion-ageasttieaming
solutions.

To the best of our knowledge, the earliest work that studiedgroblem of transmission coordination among the multiple
senders in distributed streaming is [2]. In this work, théhaus propose an algorithm that is run at the client and theopms
rate allocation and packet partitioning among the sendgased on this information the servers then adjust theirisgretes
in order to meet constraints from the network, whose aggeegaandwidth still allows to transmit the complete mediaa.

In a follow-up work, the authors combined the previouslygmsed algorithm with forward error correction for improvemor
resilience to burst packet loss [3]. Similarly, the workg4n5] consider receiver-driven control protocols thatdymonize the
senders’ transmissions in a rate-distortion optimized. viiy improved error-resilience, Multiple Description Quogl (MDC) is
employed at each sender to pre-encode (prior to transmjssiprogressively encoded media content that is streantevafds

to the client. Another related work is [6], where a rate-@lisbn optimization framework is proposed for packet sclied in
receiver-driven distributed video streaming. The pap&ldishes that the gains in performance due to server (piathjsity,
relative to a single server (path) case, are dependent aqutdity of the network paths in terms of packet loss and detaally,

the works in [7, 8] examine the performance of an MDC schemadliiributed video streaming in CDNs. The authors report a
20-40% reduction in client video distortion, for the coresied network conditions and topologies, relative to cotivaal CDNs
that do not employ multiple description encoded video strea

Differently from the prior work, we propose in this paper gotimization framework for sender-driven streaming, where
multiple servers synchronize their transmission schexdffislesending parts of a standard (single description) videzam under
bandwidth and delay constraints. Each server selects thearmackets that have to be transmitted in priority and deitezs the
corresponding scheduling strategy in order to minimizedistortion at the receiver. The assistance from the recevienited to
feedback necessary for bandwidth estimation, which isagdytrequired for the design of efficient adaptive streagrstrategies.

The rest of the paper is organized as follows. In Section #,describe the distributed streaming system, and formulate
the rate-distortion optimization problem when serversatmirate to minimize the distortion at the client. Sectiirdescribes
the media and network models, and the methodology that i$ flsecomputing the rate-distortion optimal packet schiawdpl
strategy. A low-complexity solution is later proposed irctn IV, where a priori source pruning and packet clasdifica
allow to dramatically reduce the computational complerétative to the original optimization framework. Finalig,Section V,
simulation experiments on synthetic and realistic netvwa&es show that both algorithms outperform a conventidisébrtion-
agnostic system, which performs packet scheduling basgdarthe available bandwidth.

Il. SENDER-DRIVEN DISTRIBUTED STREAMING

A. Media Communication Model

Internet

Server

Fig. 1. Distributed streaming: multiple senders - singleeieer.

We consider a streaming system with senders (servers) transmitting a media presentatiol/dndependent bidirectional
paths to a streaming media client, as illustrated in Fig. he Media presentation is available at each server in the édrm
a collection of interdependent data units with deliverydlie®s. The servers encapsulate media data units into {zaakel
collaboratively stream (parts of) the media presentatiotiné streaming client. The client, in turn, monitors incogipackets,
and piggybacks information about the availability of thewark paths on acknowledgement packets to all the sendinvgise



Based on this information, the servers periodically estintize bandwidth available on all the paths from the senddtetmedia
client. At the end of each estimation peridd” the servers therefore know bandwidth estimdtes. . . , Ry, for every path. This
information is used to adapt the rate-distortion optimiggdaming strategy to a varying network availability.

Based on bandwidth estimates, the servers then select tilie peckets to be transmitted along with the proper schedule
transmission schedule or policy basically representsdtieres performed by the servers on a given dataluaiteach transmission
opportunity. More formally, lety, 1, ...,tx—1 be a window ofN transmission opportunities at which the senders can tritnsm
packets with the data unitto the streaming client, prior to its delivery deadline.(if¢ < ¢tprg;, V0 < ¢ < N —1). The
transmission policyr; for data unitl then forms a matrix of binary actions,;, fori =0,...,N — 1,andm = 1,..., M, where
the row and column indices denote respectively the corredipg sender/path and transmission opportunity at whiahdhbtion
is undertaken. In other words,,; = 1 signifies the transmission of a packet with the data Ubit the server at transmission
opportunityt;, anda,,; = 0 signifies the converse. The arrival of a packet with the dai& at the client is immediately
acknowledged to every sender by sending acknowledgemeketsain the backward direction on @l paths. Note that sender
m will only send a packet with the data uiifor a,,; = 1 if no acknowledgement arrives at the sendet fp report the correct
reception of the data unit due to earlier transmissions.

B. Optimization Problem

We are interesting in finding the transmission policy thatimizes the distortion experienced at the client, undestramts
given by the available bandwidth on each network path. Ssgplaat there aré data units in the multimedia session. L@t
be the transmission policy for data uhi€ {1,...,L} and letw = (7y,..., ) be the vector of transmission policies for &ll
data units. Any given policy vectar induces for the multimedia session an expected distorfiom) and a vector of expected
transmission rate®(mw) = [Ro(m) R1(m) ... Rys(7)] on the forward channels of the network paths. We thus seefdhiey
vectors that minimizes the expected distortidh7) such that the expected transmission rate in the forwardtireon every
network path does not exceed the available bandwidth, i.e.,

7* = argmin D(w), Q)
™

S.t. R, (7) <Rpn,m=1,...,M.

Using the method of Lagrange multipliers, we reformulajeald an unconstrained optimization problem. That is, we feek
policy vectorsr that minimizes the expected Lagrangiéfr) = D(w) + Zi‘fil Am R () for some vector of positive Lagrange
multipliersA = [A; A2 ... Aj], and thus achieves a point on the lower convex hull of thefsat achievable distortion-rate pairs
(D(m), R(m))!. We solve the rate-distortion optimized distributed stngay problem in the next section, and we later propose a
low complexity solution based on packet classification.

IIl. RATE-DISTORTIONOPTIMIZED DISTRIBUTED STREAMING
A. Media and Network Models

Base layer | B P B P B P

Enhancement layer 1

Enhancement layer 2

Dataunit/: B, ,Ad,, tprs ) —» Dependency relationship

Fig. 2. Directed Acyclic Graph: lllustration of data uniténdependencies in a typical scalable media stream (I, Bawedp. represent Intra, Predicted and
Bidirectional predicted frames in MPEG terminology).

LEquivalently, the set of all achievable distortion-réfe, Ry, ..., Rys) (M+1)-tuples.



We first overview the media and network models that we uselte $be rate-distortion optimized distributed streamingip
lem. These models are commonly accepted and have been wgkdyrecently for the design of optimized streaming sahgtio
We limit ourselves to the minimal presentation necessauntterstand the algorithms proposed in this paper, andtrefeeader
to [9, 10] for more details.

In a streaming media system, the encoded data are packitiaethta unitsand stored in a file on a media server. We consider
here non-scalable as well as layered streams proposeddnyt tandardization bodies, as opposed to multiple deseripideo
coding that is generally limited to two descriptions, hetwe streaming servers. All the data units in the presemnidtiave
interdependencies, which can be expressed by a directelicagsaph, as illustrated in Fig. 2. Each node of the graphesponds
to a data unit, where an edge of the graph directed from datd’ua data unit’ implies that data unit can be decoded only if
data unitl is first decoded.

Associated with each data urits a sizeB;, a decoding timeprs;, a set of data unit&\/c(l) and an importancesdl(h).
Specifically, the sizeB; is the size of the data unit in bytesprs; is thedelivery deadlindby which data unii must arrive at
the client to be usefully decoded. Packets containing daita that arrive after the data units’ delivery deadlinesdiscarded.
Furthermore V" = {1,...,1} is the set of data units that the receiver considers for @sncealment in case data uhis not

decodable by the receiver on time. Finaﬂy,ll(ll), fori, € N is the reduction in reconstruction error (distortion) thoe media
presentation, when data unhis not decodable but is concealed with data iinihat is received and decoded on time.

Packet
Media Packet Scheduler

Forward paths

+
Hint Tracks

Streaming server 1

Packet (gzlpzi_-) ____________________::: l ‘
Media Packet| | Scheduler|| L --==-=--="7"7 E
+
HintTracks | | —u X BB e C \ Streaming Client
Backward paths

Streaming server 2 Lossy packet network

Fig. 3. Framework for distributed streaming with packesara channels.

The network is represented as a simple model where the fdravat backward directions on the network path between a sende
(server) and the receiver are described as independentrtimgant packet erasure channels with random delay,@esented
in Fig. 3. In general, each of the paths has different charistics in terms of loss probability or latency. Hence, plaghm (for
m =1,..., M)is specified with the probabilities of packet lea§sande’, and the probability densities of the transmission delay
P andp’y, respectively. This means that if a server sends a packéedotward channeh at timet, then the packet is lost with
probabilityc’. However, if the packet is not lost, then it arrives at therdiat time’, where the forward trip timé&7T7™ = ' —t
is randomly drawn according to the probability dengify. Therefore, we leP{FTT™ > 7} = € + (1 — ) [ p2(t)dt
denote the probability that a packet transmitted by theeseat/timet does not arrive at the client application by timhe- 7,
whether it is lost in the network or simply delayed by morentha Similar relations can be defined for the backward channel,
which induce a probability; = 1 — (1 — €}%#)(1 — €j) of losing a packet either on the forward or backward charama,a round
trip time distributionP{RTT™ > 7} = €}y + (1 — €}}) ff" P (t)dt, whereply = pf * p'l5 is the convolution opy andp}.
Note thatP{RTT™ > 7} is the probability that the serven does not receive an acknowledgement packet by time- for a
data packet that has been transmitted at time

B. Expected distortion and streaming rate

Now that media and network models have been defined, we caputerthe distortionD () and the streaming rat&()
that results from streaming policy, by extending solutions proposed in [9, 10] to the multipdader case. The expected
transmission rat®,,, (7) on pathm is the sum of the expected transmission rates on this pa#afdr dataunite {1,..., L} in
the presentation:

Rm(ﬂ-) = ZBlpm(ﬂ—l)a (2)
l

whereB; is the size of data unitin bytes and,, (m;) is theexpected cogter byte, or the expected number of transmitted bytes
per source byte under poliey on pathm. The expected distortioP () is somewhat more complicated to express, but it can be



expressed in terms of trexpected errgror the probabilitye(7;) that data unit does not arrive at the client on time (under policy

m). Itreads
D(m) = Do—Y. > ad™ ] (-emy) =

b end jEA()

I (- II @(-em) 3)

12€C(L11) l3€A(l2)\A(l1)

where Dy is the expected reconstruction error for the presentation data units are receivedd(l;) is the set of ancestors of
{1, including!ly. C(l,11) is the set of data units € Nc(l) : j > 1y that are not mutual descendants, i.e.,fdr € C(l,11) : j ¢
D(k),k ¢ D(j), whereD(j) is the set of descendants of data yniand “\” denotes the operator “set difference”.

The expected error-cost functions for sender-drivenibligied streaming can be derived in extending [10] to a mieljaths
case. Recall that(m;) is the probability that data unitis not delivered on time given all the transmission actiong;i Further-
more, the expected cost on pathat transmission opportunity is zero ifa,,,; = 0, and otherwise it is equal to the probability
that no acknowledgements arrive at senddoy ¢;, as a result of previous transmissions of the data unit. eleme can write

e(m) = H P{FTT? > tprs — t;|FTT? + BTT™ > t; — t;} (4)
J<i,p:
llpjzl
x [[ P{FTT? > tprs —t;},
Jj>i, p:
llpjzl
pm(m) = > ] P{FTT"+ BTT™ >t; — tx|FTT? + BIT™ > t; — t} (5)

j>ic k<i,p:

amj:1 apkzl

x ] P{FTT?+BIT™ >t; - tx},

i<k<j,p:
llpk:].

where the conditional probabilities in (4) and (5) can be pated using Bayes’ rule [11] and the fact tHafx > a,z +y >
b} = P{z > a}, for z,y nonnegative and > b. To this end, note that the probability densities of the s&#g? + BTT™ can
be obtained as the convolution of the corresponding desdibr 7777 and BT'T™.

C. Rate-Distortion optimization

Based on the expressions for expected distortion, and teghetreaming rate as a function of the streaming paticwe now
have to find the policy vector that minimizes the expectedraagianJ/(z). This is in general difficult since the terms involving
the individual policiesr; in J(sr) are not independent. Therefore, we employ an iterativeatgsalgorithm, called lterative
Sensitivity Adjustment (ISA), in which we minimize the obj&e functionJ(x,...,71) one variable at a time while keeping
the other variables constant, until convergence [9, 10§ dpropriate choice of the Lagrange multipligys that allow to meet
the bandwidth constraints is then determined as follows.inMally select\,, = A, form = 1,..., M, and some\ > 0. We
repeatedly re-run the ISA optimization algorithm till cemgence, while adjusting one of the Lagrange multiplieergtime
the optimization algorithm converges. The Lagrange miigtip\,,, is adjusted using the bisection search technique [12-114] ti
either the target rate is achieved or the interval whekgjrcan range becomes smaller than a predefined threshold. dbedure
outlined above is repeated until we properly adjust all bage multipliers.

It is the duty of sendem, m = 1,..., M, to recompute the optimal policy; for data unit/ at everyt; and then execute
am; from /. This is done in order to account for acknowledgements vedeby the senders due to packets carrying other data
units sent prior ta; and also to account for prospective bandwidth variationthemetwork paths. Clearly, the search for the
optimal transmission policy, as described before, may leagstems that does not scale very well in practice; indiedyverall
computational complexity, as well as the computationalglexity at each server, increase with the number of sendéis.is the
price to pay for having a fully distributed streaming stggtewvhere the sending servers do not communicate among éherss
In the subsequent section, we therefore propose a low caitypddgorithm based on source pruning and packet clasdic#hat
dramatically reduces the computational requirementsesjstem.

IV. Low-COMPLEXITY DISTRIBUTED STREAMING
A. Packet Classification based on Source Pruning

In order to reduce the complexity of the rate-distortionmtation problem described in the previous section, we degign
a low-complexity algorithm based on media packet classifina The classification that can be computed offline, istharil a



rate-distortion pruning strategy, which has been propas¢tls] for the design of low-complexity adaptive streamsygtems.
The source pruning strategy defines the set of the most impiguackets that should be transmitted when the averagatbiisr
constrained. It proceeds as follows.

We are interested in finding the vector of packet selectitioasb = (by, ..., by,) for the presentation, whete = 1 denotes
the action of keeping data unitin the presentation, whilg, = 0 signifies the converse. The incurred reconstruction eoor (
distortion) for the media presentation associated withréiquaar vectorb is denotedD(b) and can be computed as

L
D(b) = Adi(A:(b)) (6)
=1

where the notation4; (b) simply signifies the fact that the choice of a subset frdirthat will be used to reconstruct data unit
i depends on the selection vector Similarly, the associated data rate of the souR¢s) as a function of the selection vector
can be computed &3(b) = Zle B;b;. We are interested in finding the optimal selection vebtothat minimizes the resulting
reconstruction error and for which the data rate of the svdoes not exceed the available resource as giveRrbie.,

b* = argmin D(b), s.t. R(b) < R* (7

Using the method of Lagrange multipliers the solution todbestrained optimization problem can be replaced with anivatgnt
convex hull approximation that is obtained as a solutiorhefunconstrained optimization problem given as

b* = argmin D(b) + A\R(b), (8)

where)\ > 0 is a Lagrange multiplier. The adjustmentiofccording to the rate constraiRt is performed in an iterative fashion
using a bisection search technique. Due to interdepenelebetween media packets, the solution of the optimal pekcyor
is again computed by the ISA algorithm that minimizes therhagianJ(b) = D(b) + AR(b) one component at a time, until
convergence [9, 10, 15].

The source pruning algorithm leads to a straightforwardsifecation of the media packets as a function of the targeasting
rate. Running the pruning scheme at successive targetdiadesly results in fine packet classification. The packetifianing
then simply performs as follows. Lét,,..., Rx be a sequence df monotonically increasing data rates. Packets of a media
stream are classified inf§ setsS, ..., Sk, where the sets; are obtained by pruning the source at the corresponding Rate
fori =1,..., K. Itis important to note that the pruning algorithm typigatteates embedded sgtse., for any two sets; and
S; suchthat < j, it holds thatS; C S;. Therefore, a comprehensive pruning of the full stream is1eoessary at all target rates,
and the classification can be performed iteratively withratéd complexity.

In essence, the procedure described above outlines thatmme rate-quality function for the media source, as represented
by its data units. This is illustrated in Figure 4, where facle rate poinf?;, there is a companion video quality poif)t, and
where the data units are denoted as packgtfor [ = 1,..., L. The incremental increase in quality and rate that each new

Q4 [Qn,R]

-

R

Fig. 4. Operationak — @ function obtained via packet classification.

set.S; provides relative to its predecess$r ; can be determined a&Q; = Q; — Qi—1,AR; = R, — R;_1*. Hence, each

2This is due to the fact that the actual rates associated ittsetsS; lie on the convex hull of the operational rate-distortiomdtion for the compressed
packetized media [15].

3In this context, quality is inversely proportional to restmuction distortion. For example, distortion can repnésee MSE of the reconstructed media units,
while quality can then be the PSNR of this quantity.

41t can be safely assumed thAf = Qo = 0.



segment of the operationak — @ function can be characterized with a "gradient” of the fumt{on that segment) defined as
Ai = AQ;/AR;. In plain words \; denotes the per unit rate increase in quality that the seghaelus to the reconstructed video
stream. For more details on the packet pruning algorithenrglader is referred to the cited reference [15].

B. Streaming via Packet Partitioning

We propose the following algorithm for partitioning the gats of a video stream among thé senders based on the available
bandwidth. Each sender employs the technique proposeaabavder to create a priori the subsétsfor the video stream. A
sufficiently large range of data rates is chosen so that ieiothe possible bandwidth fluctuations encountered ondheank
paths. Moreover, a sufficiently larg€ is chosen so that there is fine (incremental) division of #ia date rang&x — R;. Note
that Rx should be chosen such that it corresponds to the encodim@f#iie source, i.e§x contains all the packets from the
video stream.

Now, given the vector of estimated bandwidth values on epatplf?,l, ..., Ry the packet partitioning algorithm proceeds as
follows. If there is anm € {1,..., M} such that it holds?,,, < Ry, then we are done. The video stream is simply streamed
on any one of the paths for which the above is fru@therwise, forn = 1,..., M each sendem solves for the index(m)

according to

w(m) = argmpx Ry, st.R < 3 R ®)

and sends to the client the packets from thesget,) \ U;’;l S,.(i)» Where \" denotes the operator “set difference”. In case there
is anm < M for which x(m) = K, there is no need to run the algorithm further, i.e., for ¥t of the indicesn < j < M. In
other words, we would reach a point where we could send alpéoets from the video stream on the finstpaths. Note that
employing such a procedure for constructing the partitmisackets sent on each path is possible because of the pyroipeatr
the setsS; are embedded, as mentioned earlier. We summarize the paitiéibning algorithm in Figure 5.

Givenf?,l, ey E]u,
) f3me{l,...,M},st.R, < Rg
Send sefSk on pathm.
Exit.
(1) Else
Initialize: m = 1,1(0) = 1
whilel(m — 1) < K andm < K do
I(m) = argmaxy, Ri, S.t. Ry < Y it R;
[Index assignment]
Send on pathn: Sj(,,,) \ urt Si)
[Packet partitioning]

m=m-+1

(2) End

Fig. 5. Distributed streaming via packet partitioning.

The algorithm can be generalized in a straightforward matméhe case when the network paths exhibit packet loss in the
forward direction, in addition to the varying bandwidth. garticular, lete,,, denote the erasure rate of packets sent to the client
on pathm, form = 1,..., M. These quantities can be estimated by the client based @ingisequence numbers of arriving
packets and can be piggybacked periodically to the sendtetiseocorresponding acknowledgements. The modificatiohen t
senders’ part then consists of merely employing the upda@edwidth estimate®; (1 — €;),..., Ry (1 — epr) in the packet
partitioning algorithm.

Note that partitioning the media packets among the senderssponds to distributing the streaming load among theseda
on the available bandwidth on their respective network gattence, the computational complexity of packet schedwdireach
server is bounded by the number of packets in the partitimcatied to that server. This is equivalent to partitioning overall
search space of transmission policies for each server inrtmal optimization problem presented in Section Ill.eFéfore, a
dramatic reduction of the computational load at each séswehieved relative to the rate-distortion optimal salati

V. SIMULATION RESULTS
A. Setup
This section examines the performance of the proposed matiion framework for distributed streaming of packetizédeo
content. The performance of its low-complexity alternatis also investigated. The video content employed in thellsition

5For example, the senders can agree ahead of time on th@gtvetere the stream is sent on the first (smallestipr which this condition holds.



experiments are the test video sequences Foreman and MobBeughter in QCIF size encoded at 10 fps using an H.264 codec
[16]. Each sequence is encoded with a constant quantidatiehat an average luminance (Y) PSNR of about 36 dB and afisrou
of Pictures (GOP) size of 20 frames, where each GOP congiats Idrame followed by 19 consecutive P frames. Performance
is measured in terms of the average Y-PSNR of the frames afosstructed video content at the receiver. Video framesattea

not delivered on time are replaced by the receiver usingipus\frame error concealment.

We consider the case with two streaming servéis £ 2) that transmit the video content to a client over two indejesr
network paths. The time interval between transmission dppiies has been set 6 = 100 ms. It should be noted that at
every time instance; at which packet scheduling is performed, a sender consatdysa subset of the media packets for the
presentation. This subset is chosen by employing a slidimglaw over the whole set of media packets [9], according & th
packets’ delivery deadlines. In essence, the sliding wingelects the packets that are most relevant (pressing) $eriiegiven
the current transmission opportunity

A simple algorithm is implemented to estimate the transimis®andwidth for the streaming session. The receivingitlie
monitors the forward-trip time (FTT) of arriving packetsapiggybacks this information on returning acknowledgenpackets
to all the sending servers. In particular, RUTY, FTTY, ..., FTTE be the transmission delays experienced by packets received
by the client on patlk and returned to the servers via the corresponding ackngetednts in the lagh7 seconds. Then, the most
recent estimate for the bandwidth (data rate) availableath/pis computed by the servers & = (1/P) Zle(Bj /FTTJ?“).

This is simply the average of the most recent estimates of the available bandwidth on thegssthciated with the corresponding
received packets, wheB; is the size of packef in bits (or bytes). The time period employed at the serverbmdwidth
estimation has been setfdl" = 1 second, in accordance to the techniques proposed in [1&dnlbe noted that other bandwidth
estimation methods can be implemented at the server, subk ase proposed in [17] or inspired from [18, 19], since yeknd
loss rate information are made available via receiver faekih. We do not expect that the actual bandwidth estimatiethoal
would however change the analysis, and conclusions deirividais paper.

For comparison purposes, in the simulations we also exathm@erformance of a conventional system, den@&aseline
which performs proportional packet scheduling based onlthe available bandwidth values. In particular, the twadses split
the packets of a video stream in proportion to the bandwidtimates on the corresponding network paths. Packet drgppi
decisions inBaselineare performed randomly without taking into account thegdfic distortion importance. In other words,
Baselineis distortion-agnostic.

B. Distributed Streaming over the Internet

We simulate the behavior of our distributed streaming systepractical settings, and we consider sending the videtecd
over network traces of actual packet delays and lossesctadién the Internet. The two senders are located on the EsstC
while the receiving destination is located on the West CoBste continental USA. We examine the performance of theisen
sources for delivering the media content to the receivirgiidation over their respective network paths using eachethree
scheduling mechanisms considered in our experiments. llectthe network traces packet probes of 50 Bytes were sdrtth
directions on each path every 10ms for the duration of twiadfay's in order to sample continuously the network condgion the
paths. The data rate of the probes (40kbps) represents bfemstibn of the access links at the sender and the recahereby
not having an effect on the delay and loss characteristittsegbaths. For more details on the methodology that was graghm
collect the traces and the related issues, the reader rsaéf® [20].

In Figure 6, we examine the performance of the schedulingreels in terms of the Y-PSNR quality computed on the sequence
reconstructed at the decoder. The performances are rdsta function of the playback delay at the receiver, forastiag
the Foreman sequence from two servers. It can be seen thabptimized schemefDOptand PackClas outperform the
conventional systerBaselinewith a significant margin when the playback delay is smallistddue to the fact th&@DOptand
PackClascan take advantage of the different importance of the meatiigis when scheduling their transmissions. In particular
by sending the more important packets first and ahead of timesg schemes increase the likelihood of successful dglbfe
the corresponding data units to the receiving client. Tiituin reduces the reconstruction distortion for the medésgntation
that the client would observe on the average. On the othat,lemnthe baseline scheme does not have the knowledge oftpacke
importance, it schedules every packet equally, which in tasults in higher average distortion for the reconstdisteeam.

It should be mentioned that the lower end of playback delapsidered here are sufficiently small (relative to the padktays
experienced on the network paths) to effectively prohikithet retransmissions. Retransmissions would certaimpyove the
performance of all three scheduling mechanisms, and eapyeaf the conventional technique. This is evident fromuFig 6 for
the higher end of playback delay values, when the perforemoftthe three schemes converge. Finally, note that therdifte in
performance betwedRDOptandPackClass non-negligible, as shown in Figure 6. This is due to the it RDOpt contrarily
to PackClas can schedule transmissions of the same packet, in casgloifrhportance, from both senders, which increases the
likelihood of its delivery.

We observed similar relative performance between the gystems in the case of Mother & Daughter. As seen from Figure 7
RDOptandPackClasagain provide substantially improved performance ovebtiseline scheme for the lower range of playback
delays. The performance difference between the three shttran reduces as the playback delay is increased, whixpasted,
as argued earlier for the case of the Foreman sequencelyFinsthould be mentioned that the performance differertetaeen
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the three systems exhibited in Figure 7 are somewhat snmeltgive to the corresponding ones for the Foreman sequdimie
is due to the fact that error concealment works more effelstivn the case of Mother & Daughter due to the slow-movingiret
of this video content. This in turn renders the presence darevideo packets less crucial for the reconstructiorliyuaf the
video presentation, thereby reducing the effects of thativel differences in packet delivery that each of the sclieglschemes
may contribute to.

C. Performance analysis

Here, we examine in greater detail the performance of thpgsed system with a particular emphasis on its adaptivity to
bandwidth variations and packet loss. We choose a simpleonlketmodel in order to facilitate the analysis, where thenoek
bandwidth in the forward direction on each path is randonalgying between a lower and an upper bound. The random fluc-
tuations of the available bandwidth occur every two secofde characterization of the bandwidth variations that weley
here has been chosen to match typical bandwidth variatiosesreed in the Internet. At the same time, we do not expetthiea
performance of the distributed streaming system is higahsgive to short time variations of the available bandtvidis long as
the play-out delay of the client application allows for larfhg delays on the order of the time needed for accuratevindtiuesti-
mation. The playback delay of the client application is sairie second, which is a small values for practical streasystems.

It moreover corresponds to the time periad’ that is used for bandwidth estimation. In our simple netwoddel, the packet
delay densities are assumed to be exponential functionar@nidherently tied to the available bandwidth on the nekwaths.

In particular, from the M/M/1 model [21] that is frequentlged to model network queues, we know that the mean of the-corre
sponding exponential distribution for the network delapexenced by a packetjis= PackSize/ BW,wherePackSize = 500
bytes is the average packet size used in our simulationsBatids the available bandwidth. The range in which the available
bandwidth is randomly varying is given 88W.,,,;., BW,.i, + 20] for one of the paths, an®BW,,.;,, + 20, BW,,.;,, + 40] for the
other network path, wherBW,,,;,, is measured in kbps. Hence, the paths are asymmetric in tdravailable bandwidth and the
backward channel that is used only for acknowledgmentsgiadk considered to offer sufficient bandwidth in all cases.

1) Bandwidth adaptation:We first analyze the behavior of the distributed streamirggesy when it faces frequent variations
of the available bandwidth. In particular, the packet Ieges on the network paths are assumed to be zeroefi.e-, e = 0),
and we study how the framework performs in adjusting theastiag rate of the video content to the bandwidth variatiohs o
the underlying network. In the simulations, we charigjé’,,,;,, across a certain range, and for each of its values we recerd th
corresponding Y-PSNR performances of the rate-distoiptimal system, henceforth denotB®Opt of the low-complexity
technique from Section IV, henceforth denoRatkClas and of the conventional systeBaseline

In Figure 8, we show the performances of the three systemerundestigation for streaming the Foreman sequence, as a
function of the minimum transmission bandwidth availakteboth paths during a session, i.2x BW,,,;, + 20. It can be seen
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from the figure thaRDOptprovides an improved performance over the baseline systmmstover the whole range of values
considered for the minimum overall bandwidth that is addéda The gains in performance are especially significartiénlower
half of the bandwidth range. For example, at 60 kbps minimuerall bandwidth there is a difference of 4.5 dB in perforwan
between the two systems. The improvementis due to the faitttl optimized system takes into account the distortigroiance

of the individual packets while adapting the video streathéoavailable bandwidth. In particular, by selecting theshimportant
packets for transmission for the given available data rateaxh pathRDOptensures the best possible reconstruction quality of
the video presentation at the receiver. On the other hBadelineperforms bandwidth adaptation without treating the vagiou
packets preferentially, as it is distortion-agnostic. rEfiere, some more important packets may be dropped at trensgmof
others, less important ones, which would ultimately lead tiegradation in video quality at the client.

The low-complexity technique also outperforms the basediystem, as shown in Figure 8. This is quite encouragingots b
systems only induce a small online complexity. The imprgvedormance oPackClass due to the fact that the packet partitions
from which the senders stream the video data are selected bashe subsets of packets These in turn are selected such that
they correspond to the maximum possible video quality ferdbrresponding available data rates, as explained inddelti
It should be noted though that the low-complexity techniguevides a somewhat degraded performance relative to diep|
optimization framework. The difference in performancenssn the two systems reaches up to 1-1.2 dB in the lower enataf d
rates.This is anticipated, as in the former system stregumsiperformed based on the packet subsegtthat are selected ahead
of time. Therefore, they provide less flexibility in termsaafapting to dynamic bandwidth variations relative to theérjzation
framework, in which at every instance a sender has accedfttiegpackets from a video stream when making transmission
decisions. This is the necessary price that systemsHaakClaspay in order to reduce their online complexity by having
pre-defined sets of packets to choose from when streamiagiiimber of packet sets is finite, and therefore fine adaptdio
bandwidth variations is constrained by the granularibhefK target rate$R;, R», ..., Rx] used for the packet partitioning.

Finally, it can be seen from Figure 8 that all three systenrfopm alike for sufficiently large minimum overall bandwidt
This is expected here since there is sufficient bandwidthadola throughout the session to ensure timely deliverylighackets
to the receiver in the case of each system. In other wordsackep needs to be dropped anymore due to a mismatch betweeen th
network bandwidth variations and the dynamically varyingree encoding rate.

Similar relative performances for the three systems arerobsd for streaming Mother & Daughter, as shown in Figuret9. |
can be seen that again bd®DOptandPackClassoutperformBaselinealmost over the whole range of bandwidth values under
consideration, with gains reaching up to 6-8 dB in the lowadf bf the bandwidth range. Similarly, there is a performagap
betweerRDOptandPackClasswhich is due to the reason explained earlier. Finally, wiheroverall available bandwidth reaches
a value at which no bandwidth adaptation is needed throughewsession, all three systems perform identically, astilated by
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their performances for 80 kbps minimum overall bandwidth.

2) Adaptation to bandwidth and packet los$ext, we examine the performance RDOpt PackClas andBaselinewhen
adapting to both bandwidth variations and random packst Itis particular, in addition to dynamic bandwidth variasothe
communication channels also exhibit random packet erasiifeerefore, packets will be lost during transmission asileaming
system needs to decide then whether it would retransmitgiack send new packets. This trade-off is necessitatedebfatth
that the available bandwidth is insufficient to support segall the packets together, including the (re)transroissi Note that
the target rates used for the packet classificatidPaickClasare adapted to match the effective bandwidth on the streppaths
(see Section IV-B), in order to take the loss process intoact In the new set of simulations, we measure the perfocesof
the three systems as a function of the available data rat@obuin the presence of packet loss. Specifically, we exampéaoket
loss ratesdr) of 5% and 10% on the forward channels from the senders teettever.

In Figure 10, we show the performances of the three diskibstreaming systems for transmitting the Foreman sequence
lossy channels. First, it can be seen that all of them exhidiggraded performance relative to the correspondingtsesiubwn
in Figure 8, where only bandwidth adaptation is performdusTs expected since each of the streaming systems hasstintak
account retransmissions of lost packets, in addition tcadding packets due to bandwidth variations. Therefoghdridata rates
on the communication channels are needed to achieve theXs®8BIR performance relative to the case of bandwidth atdiapta
only. Second, it can also be seen that the performancB®@ipt PackClas andBaselinedegrade with increasing the packet
loss rate. For example, fer = 5%, all three systems exhibit a Y-PSNR performance within tBe€3 dB range when the total
available data rate on the channels is 140 kbps. Howevépénmormance reduces to being in the range of 30-32 dB foséinge
data rate at packet loss rate of 10%. Such a performanceibehavoss the three systems is also expected, as incrahsihass
rate reduces the number of packets that can be deliveretheridithe receiver, given a fixed play-out delay.

The two optimized systemrRBDOptandPackClasprovide the most significant gains ou@aselinein the lower end of data rates
under consideration, especially for = 5%, as seen from Figure 10 (left). This is expected as thesemgstan trade off the
importance of each packet for the effective data rate, whdeconventional system is distortion agnostic. Howewetha packet
loss rate is increasdRDOptandPackClascannot take a lot of advantage of their knowledge of the pat#estortion importance.
Even though packets are prioritized in terms of transmisgtoey become more likely to be lost and there is not enoutirdie
to perform loss recovery by retransmission. On the othedhaten there is sufficient data rate available on the chanaé|
three systems can deal effectively with packet losses gnemission, as illustrated by their similar performancéhie upper
end of the data rate range. Note that agibOptoutperformsPackClasover all data rates and packet loss rates considered, as
shown in Figure BRDOptachieves that by taking advantage of the fact that it consiide transmission the complete set of video
packets, all of the time. This in turn allows for more effididgnamic adaption, as explained before.

In Figure 11 we show the corresponding performancé¥®pt PackClas andBaselinefor streaming the 'Mother & Daugh-
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ter’ sequence. It can be seen that the relative performaritles three systems across the different data rates anéflask rates
under consideration exhibit a similar behavior to thosdtiercase of the Foreman sequence. In particular, the optihsizstems
outperform more significantly the conventional system i lttwer end of data rates and especially for lower packetriates.
As the packet loss rate increases the performances of #e $lgstems degrade significantly and therefore become Hileela
the same spirit, as the available data rate is sufficientfielathe three systems perform alike again. In this caseg theenough
bandwidth to recover (almost completely) from packet Iegseretransmissions, as shown in Figure 11.

3) Bandwidth estimation performancefFinally, we examine the performance of the simple algorittescribed earlier for
estimating the available bandwidth on a network path. lufadL2 (left), we show the bandwidth evolution over time oe of
the network paths when streaming Foreman. The solid linetésrthe actual bandwidth values, while the dashed lineesepits
its estimate obtained using the proposed algorithm. It aasden from Figure 12 (left) that the estimated values traite g
well the dynamic variations of the actual bandwidth on ththpaspecially given the fact that random bandwidth charges
initiated frequently (every two seconds) relative to thadaidth estimation period (every one second). Notablerdisncies
between the actual and the estimated values occur only ikees is a substantial sudden reduction in the availablevoitia, as
illustrated at a few points in the bandwidth trace shown guFé 12 (left) (for example around Time equal to 18s and 60kien
x-axis). This is expected, as the procedure for estimatie@tailable bandwidth is causal, i.e., it is based on pteshyareceived
acknowledgement packets within a time period. Therefotegenthe available network bandwidth suddenly and subsignti
drops there are not so many acknowledgement packets rdweitbeén the next time period that can be used for accurateWwadth
estimation.

In order to examine how the frequency of bandwidth variatiaffiects the accuracy of the estimation technique, we padd
the same simulations as before, but now with random banbtvfid¢tuations occurring every five seconds. These resutts ar
shown in Figure 12 (right). It can be seen that the estimageiWidth values track even closer now the actual bandwidth o
network path. That is because the bandwidth changes legssfindly now relative to the estimation period, which alldasbetter
and more stable estimates to be performed using the propas®uique, as illustrated in Figure 12 (right).

Finally, a useful evidence for the interpretation of theeatning results presented earlier is the source encodiagpfahe
Foreman video sequence used in the simulations, which hageaage value of 82.23 kbps. Even though the minimum overall
bandwidth is 100 kbps, and the average source encodingsratmost 20 kbps smaller than that, still there are pointsgathe
time axis when the instantaneous source encoding ratedstieeavailable network bandwidth (marked with arrows guie 13
at Time roughly equal to 8s and 35s on the x-axis). Therefmekets need to be dropped at these points to compensaltefor t
insufficient transmission bandwidth, which results in los¥-PSNR performance. It is interesting to note that theeaituation
occurs when the instantaneous source rate is larger thastingate of the available network bandwidth (though noessarily of
its actual value), as evident from Figure 13 at Time equabtmhly 22s. This is exactly where the packet prioritizapenformed
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by the optimized distributed streaming solutions provdstadvantageous compared to a distortion-agnostic sarsdubstly, it
should be pointed out that analogous observations regatidindynamics of the source rate and the available netwarthiath
were made for the case of streaming Mother & Daughter.

D. Discussion

We have shown that the distributed streaming system basedaket classification provides performance that is quita-co
petitive with the rate-distortion optimal solution. Thebsyptimal behavior is due to several design choices, whighotises are
mainly driven by reducing the computational complexity lvé bptimal streaming solution. In particular, a priori ftayhing of
the media packets breaks the dependencies between metdiasimie each server manages a distinct subset of dataindits
pendently of the streaming strategies decided by otheesgren other complementary subsets of data units. Addifyrwe
observed in our simulations that the rate-distortion optistrategy sometimes sends the same packet from diffezarers in or-
der to increase the probability of on-time arrival at thewtiof important packets. Such a strategy is excluded frenstiteaming
policies available irPackClasscheme, due to the partitioning of the media packets intindissubsets. Finally, another limita-
tion of PackClasstems from the granularity of target rates when classiticatif the media packet is performed originally (see
Section 1V-B). For computational complexity reasons, thenglarity cannot be chosen arbitrarily fine, which in tuffieets how
efficientPackClascan be when adapting to bandwidth variations. NonetheReskClasproves to be a competitive solution for
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distributed streaming applications thanks to its low cotappanal complexity, ease of deployment due to minimal resments
on the receiver, and yet efficient rate-distortion perfanoea

VI. CONCLUSIONS

We presented a system for rate-distortion optimized pasd{stduling in distributed video streaming scenarios whkeveral
sources collaborate to serve a media client. The systenistep$an optimization framework for scheduling the padkatsmis-
sions at the individual senders. Using bandwidth estimadsgd on client feedbacks, the senders can independeritstjlbin
coordination, decide what the most important packets atetsmit on every network path, for the given bandwidthnestes.
We designed a low-complexity solution that pre-computesyiped packet schedules ahead of time thereby reducingtah
tially the required online complexity during streaming.i§'Is achieved by employing packet classification, via seymining,
of the compressed video stream at different data rates.nEixtesimulations demonstrate minimal performance losspased
to the complex rate-distortion optimal solution, as welkamificant performance gains over a conventional digiorignostic
system for distributed streaming with comparable onlinaglexity.
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