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Abstract—Our purpose in this paper is to obtain the exact In this paper, we propose two approaches (that give the same
distribution of the number of buffer starvations within a sequence result) to compute the starvation probabilities and théridis
of IV consecutive packet arrivals. The buffer is modeled as an y, 1inn of the number of starvations for a single file. The first

M/M/1 queue.When the buffer is empty, the service restarts h qi licit It based Badlot th
after a certain amount of packets areprefetched. With this goal, approach gives an explicit resuit based on ot theorem

we propose two approaches, one of which is based dallot [1]. The second approach provides a recursive computation
theorem, and the other uses recursive equations. The Ballot algorithm. Both are done in an M/M/1 queue opacket level

theorem approach gives an explicit solution, but at the costf the  Using Ballot theorem, we can compute in a simple way the
high complexity order in certain circumstances. The recurs/e exact distribution of the number of starvations expliciths

approach, though not offering an explicit result, needs fewr the fil . h infinit t th toti
computations. We further propose a fluid analysis of starvaion e Tie size approaches Iniinity, we present the asymptotc

probability on the file level, given the distribution of file size and ~ Starvation probability using Gaussian (interchangeabitd w
the traffic intensity. The starvation probabilities of this paper Normal) approximation as well as an approximation of the

thhave méll_ltw pfotential_applicatiolr;s. VfVe agply tthem to optimize Riemann integral. Whereas the Ballot Theorem provides an
e quall Or experience (o] Of meadala streaming service i~ H H H
by e?<p|oit)i/ng the ICt)radeoff b(gwe)en the start-up delayg and tke ’ eXp“C.It solution, we .propose .an alternative approach Wh.lc
starvation. constitutes a recursive algorithm for computing starvatio
probabilities. Although the recursive approach does notege
ate an explicit solution, it does perform better than theddal
Theorem in terms of complexity under certain circumstances
The starvation probability of a buffer is an important per- We further propose a fluid analysis of starvation behavior
formance measure for protocol design of telecommunication the file level. This approach, instead of looking into the
networks, as well as in storage systems and ecologicalmgstestochastic packet arrivals and departures, predicts treast
(e.g. dams). Starvation is said to occur when the buffer tisn where the servers manage a large quantity of file trassfe
empty. Various applications use buffering in order to cohtr Given the traffic intensity and the distribution of file sizeg
the rate at which packets are served at the destination. &® able to compute the starvation probability as a funation
long as there are packets in the buffer, packets arrive at the prefetching threshold. The fluid analysis, though sémpl
destination regularly, i.e. they are spaced by the serWioe t offers an important insight on how to control the probaypilit
of the buffer. Once the buffer empties packets may arriveeat tof starvation for many files, instead of for one particulae.fil
destination separated by larger times, as the spacing etwe The probabilities of starvations developed in this work
packets now depends also on the inter-arrival times at thgve various applications in the different fields. A promine
queue. Starvation is in particular undesirable in real tiiee example is the media streaming service. This application
as well as in video streaming applications. demonstrates a dilemma between the prefetching process and
The time till starvation of a queue is related to the bushe starvation. A longer prefetching process causes arlarge
period which has been well studied under the assumptionstért-up delay, while a shorter one might result in staoveti
a stationary arrival process (see [2], [3] and their refeesh. The user perceived media quality (or QoE equivalently) is
In contrast to this assumption, we consider a finite number ipfipaired by either the large start-up delay or the undekirab
arrivals as we are interested in statistics of starvatioerwh starvations. This problem becomes increasingly imporitant
file of fixed size is transferred. the epoch that web video hogs up to more than 37% of total
The main goal of this paper is to find thdstribution of traffic during peak hours in USA [18]. In contrast to the rapid
the number of starvationsithin a file of N packets. We first growth of traffic load, the bandwidth provision usually lags
model the buffer as an M/M/1 queue, and then extend it tiehind. In this context, media providers and network opesat
incorporate the bursty packet arrival that is modeled bynan face a crucial challenge of maintaining a satisfactory Q6E o
terrupted Poisson process (IPRh this system, a fixed amountstreaming service. With the results developed in this work,
of packets argrefetchedalso called “prefetching threshold”) we are able to answer the fundamental questiblow many
before the service begins or resumes after a starvatiort.everackets should the media player prefetch to optimize thiesuse

I. INTRODUCTION



quality of experience®™e propose a set of QOE metrics forsystem is found in [13]. Humblet et al. present a method
both the finite and the infinite file size. The optimal Qolbased on Ballot theorem to study the performance of nD/D/1
is achieved by configuring the start-up threshold in packetsueue with periodical arrivals and deterministic servioset
Recently, the similar QoE issue is studied in the importait [16], He and Sohraby use Ballot theorem to find the
works [5], [6], [7]. Liang et al. [6] studies the bounds of i§ta stationary probability distribution in a general class sodete
up delay, given thaleterministicplayout and arrival curves. time systems with batch arrivals and departures. Privatal/ a
Authors in [7] present a minimum prefetching threshold faBohraby [17] study the underflow behavior of CBR traffic in
an M/D/1 queue, other than an exact solution. They furthartime-slotted queueing system. However, they do not peovid
extend their method to consider the arrival process depictie insights of having a certain number of starvations.
by a two-state Markov chain. Luan et al. [5] adopts diffusion In the applications related to our work, Stockhammer et al.
approximation to investigate the time-dependent staymati[15] specify the minimum start-up delay and the minimum
behavior. Their technique is inadequate to provide insighbuffer size for a given video stream and a deterministic
on starvation in a media file with small nhumber of unitvariable bit rate (VBR) wireless channel. Recently, [6]qznets
(in packets or chunks). Compared to state of the art, cardeterministic bound, and [7] provides a stochastic bound
approaches target at the exact solution, and can analyze dhestart-up delay to avoid starvation. Authors in [5] model
starvation of small files. This is particularly importanttime the playout buffer as a G/G/1 queue. By using diffusion ap-
evaluation of adaptive streaming where the entire media figgoximation, they obtain the closed-form starvation pimlig
is subdivided into many chunks encoded by multiple playbagkth asymptotically large file size. Xu et.al [21] study the
rates. The starvation is more likely to happen when the gackecheduling algorithms for multicast streaming in multicar
from one or several high-definition video chunks are beingireless downlink. In the application field, our paper diffe
played. from state of the art works in the following ways: i) we presen
The rest of this paper is organized as follows. Section tiew theories that yield aexactprobability of starvation, and
reviews the related work. We propose a Ballot approach ihe probability generating function of starvation everiis;
Section 1ll. Section IV presents the recursive approach fare study of asymptotic behavior with error analysis; iii) we
an M/M/1 queue. Section V performs a fluid analysis for perform a macroscopic starvation analysis using a fluid fjode
large number of files. Section VI presents the QoE metrics aiv) we configure optimal prefetching thresholds to optintize
their optimization issues. Our theoretical results ardfieerin - QOE metrics.
section VII. Section VIII concludes this paper and discasse m

STARVATION ANALYSIS USING BALLOT THEOREM
the future work.

In this section, we study the starvation behavior of an
Il. RELATED WORK M/M/1 queue with finite number of arrivals. The analytical

) o . method is based on the powerful Ballot theorem.
The analysis of starvation is close to that of busy period in

transient queues. In [2], [3] authors solve the distributaf A. System Description
the buffer size as a function of time for the M/M/1 queue. The We consider a single media file with finite siZé€. The
exact result is expressed as an infinite sum of modified Bess@dia content is pre-stored in the media server. When a user
functions. The starvation analysis of this work is diffstBom  makes a request, the server segments this media into packets
the transient queueing analysis in two aspects. Firstaimedr and transfers them to the user by use of TCP or UDP protocols.
aims to find the probability generating function of stareati When packets traverse the wired or wireless links, theivas
events while not the queue size. Second, the former does twthe media player of a user are not deterministic due to the
assume a stationary arrival process. dynamics of the available bandwidth. The Poisson assumptio
Ballot theorem and recursive equations have been useddmot the most realistic way to describe packet arrivals, bu
analyze the packet loss probability in a finite buffer wheit reveals the essential features of the system, and is tbte fir
the forward error-correcting technique is deployed. Ciatn step for more general arrival processes. After the stregmin
al. [9] propose a recursive approach that enables them packets are received, they are first stored in the playofébuf
compute the packet loss probability in a block of consecthe interval between two packets that are served is assumed
tive packet arrivals into an M/M/1/K queue. Based on thetb be exponentially distributed so that we can model the
recursive approach, Altman and Jean-Marie in [10] obtain tiheceiver buffer as an M/M/1 queue. The maximum buffer size
expressions for the multidimensional generating functibn is assumed to be large enough so that the whole file can
the packet loss probability. The distribution of messadayde be stored. This simplification is justified by the fact tha¢ th
is given in an extended work [11]. Dubea and Altman istorage space is usually very large in the receiver side (e.g
[12] analyze the packet loss probability with the consitlera several GB).
of random loss in incoming and outgoing links. In [14], The user perceived media quality has two measures called
Gurewitz et al. introduce the powerful Ballot theorem tstart-up delayandstarvation As explained earlier, the media
find this probability within a block of packet arrivals intoplayer wants to avoid the starvation by prefetching packets
an M/M/1/K queue. They consider two cases, in which thdowever, this action might incur a long waiting time. In what
block size is smaller or greater than the buffer limit. Areth follows, we reveal the relationship between the start-upyde
example of applying Ballot theorem to evaluate networkingnd the starvation behavior, with the consideration of fite.s



B. A Packet Level Model typical path withj starvations in Figure 1. To carry out the

behavior. Denote by the Poisson arrival rate of the packetsPlace. Denote by; the ™" departure of a packet that sees an
and by the Poisson service rate. Defipe:= \/u as the ©Mpty queue. We notice that the path can be decomposed into

traffic intensity. three types of mutually exclusive events as follows:

In a non-empty M/M/1 queue with everlasting arrivals, the « Event&(k;): the buffer becoming empty for the first time
rate at which either an arrival or a departure occurs is gyen in the entire path.
A+ 1. This event corresponds to an arrival with probability —« EventS;(k;, ki41): the empty buffer after the service of
or is otherwise to an end of service with probabilitywhere packetk;11 given that the previous empty buffer happens

A 0 y 1 at the departure of packét.
=—=—; =—=—. o Eventl;(k;): the last em buffer observed after the
p A+p 1+4p q Xtu 1+p i (k;) pty

departure of packet;.

The buffer is initially empty. LetZ be the start-up delay, gy, ioysly, a path with starvations is composed of a succes-
in which z; packets are accumulated in the buffer. Oncgon of events

the service begins, the probability of starvation is given b
Theorem 1. E(k1), S1(k1, ka), Sa(ka, k3), - -+,
Theorem 1:For the initial queue length:; and the total _ _ _ _ _ N 7701
size N of a file, the probability of starvation is given by: Si=a(kj2:kj=1), Sjoa (ki1 ), Uy (k).
N_1 Let Peqryys Psy(kykiin) @nd Py, x;) be the probabilities of
P — Z x1 <2k - x1)pkml(1 —p)*. 1) events€(k1), Si(ki, ki+1) andU;(k;) respectively. The main
2k —ax1 \k—m difficulty to analyze the probability mass function is thaet
media player pauses far, packets upon starvation. In what

Proof: Before proving this theorem, we iterate the classw%uows, we analyze the probabilities of these events step b

Ballot theorem first.
) . step. The everf(k,) can happen after the departure of packet
Ballot Theorem: In a ballot, candidate A scored’, votes k1 € [21, N — 1]. According to the proof of Theorem 1, the

and candidate B score¥ gz votes, whereV, > Ng. Assume o o
that while counting, all the ordering (i.e. all sequencesAd probability distribution of evené (1) can be expressed as
0 ifk1<:v10rk1:N;

and B’s) are equally alike, the probability that throughdhbée P o { @)
counting, A is always ahead in the count of votegisAe. = #(M) " | i (B Z o)yl e gl otherwise.

We defineE}, to be an event that the buffer becomes emp
for the first time when the service of packets finished. It
is obvious that all the event8),, k = 1,--- N, are mutually
exclusive. Then, the event of starvation is the unigh.' Ej.
This union of events excludeSy because the empty buffer
seen by packev is not a starvatlonh. When the buffer is empt}étarvations take place consecutively. Thysshould be greater
at Fhe e_nd of the service of W packet, the number Of than jz; — 1. Otherwise there cannot hayestarvations. If
arrivals isk — z; after the prefetching process. The probab|llt%. is no less thanV — a1, the media player resumes until
of havingk — =, arrivals and departures is computed froma-il the remainingV — k; ,packets are stored in the buffer.

i ial distribution (2¢—%1) k—= k i
;:I:g?égls:rls't;%“ggf’f(i éiéfql;)é)ondilti(;n_olf))th.eviiﬁn?ilt fmed Then, starvation will not appear afterwards. In the renmajni
Y AL WE  cases, the evert;(k;) is equivalent to the event that no
&thrvation happens after the service of padkete can take
e complement of starvation probability as the probapbilit
f no starvation. Hence, the probability distribution ofeat
(k;) is given by

k:zl

t'?"he first starvation cannot happen at the departure of first
(1 — 1) packets, and cannot happen afterdllpackets have
been served. We next solve the probability distribution of
the eventl/;(k;). Suppose that there arestarvations after
the service of packekt;. The extreme case is that thege

the buffer is empty for the first time, the number of departu
packets is always more than that of arrival packets. As dtres
the Ballot Theorem can be applied. For example, among the
lastm events (i.em < 2k — x1), the number of packets that "’

have been played is always greater than the number of arival 0, if k; <jx ork; =N;
Otherwise, the empty buffer already happens beforektfie _ L, ifN-—x <kj <Nj;

packet is served. According to the Ballot theorem, the prob=(s) "= 1 — SN Rt oy (2m—any pm—ay gm. 3)
ability of event £, is computed byyi— (37#1)pk==1gk, otherwise.

Therefore, the probability of starvatiof;,
of the unionu; "' Ey, given by eq.(1).
The starvation event may happen for more than once duriﬁgor

the file transfer. We are particularly interested in the prob

Is the probability Denote byP;(j) the probability of havingj starvations. The
bability P;(0) can be obtained from Theorem 1 directly.
the case with one starvatioR, (1) is solved by

bility distribution of starvations, given a finite file siz#. N .
The maximum number of starvations Js= | X | where |- Py(1) = Pe(yy Py (i) = Pe - P, 4)
is the floor of a real number. We defipath as a complete i=1

sequence of packet arrivals and departures. The prolyadilit whereP¢ is the row vector ofPs(;), andPy,, is the row vector
a path depends on the number of starvations. We illustrat®far,, ;), fori =1,2,--- | N.



Event Event Event Event
E(ky)  S(kykz) S(kyki41) ’{i(k}-)
je— —>— —>] LI B | je —>| = n le— —>

R N

first pkt first second I-th (L+1)-th j-th last pkt
departure starvation starvation starvation starvation starvation departure

Fig. 1. A path withj starvations

To compute the probability of having more than one staand one matrix, which has a complexity ordefN?). When
vations, we need to find the probability of eve®)(k;, k1) j > 3, the computation ofP,(j) involves the product of
beforehand. Solvin@’s, (1, x,, ) IS non-trivial due to that the two matrices. In general, multiplying two matrices has a
probability of this event depends on the remaining file sizzomplexityO(/N?) so that the direct computation of eq.(7) is
and the number of starvations. After packetis served, the extremely difficult for largeN. Recall thatP s, satisfies i) an
Ith starvation is observed. It is clear that should not be upper triangle matrix, ii) firstz; — 1 rows being 0, iii) last:;
less thaniz; in order to havel starvations. Given that therows being 0 and iVPs, (ki, ki+1) = Ps, (k1 + 1, ki1 + 1) if
buffer is empty after serving packeét, the (I + 1)** cannot they are not zero. These properties facilitate us to compete
happen atk; ;1 € [k + 1,k + 21 — 1]. Since there are product of the upper triangle matrices with much less effort
j starvations in total, thél + 1)** starvation must satisfy Due to the properties i) and iv), the product of two upper
kix1 < N —(j — 1 — 1)z;. We next compute the remainingtriangle matrices has a complexity ordéx(N?). Detailed
case that thé' and the(l + 1)" starvations happen afteranalysis is provided in the Appendix. When there gre> 3)
packetsk; and k;, are served. Then, there afk; 1 — k;) starvations, the number of matrix productioryis 2, resulting
departures, andk;, 1 — k; — x1) arrivals after the prefetchingin a complexity orderO(N2U=2)) for multiplying all the
process. According to the Ballot theorem, a path withoutatrices. To obtaitP; (), we still need to compute the product
starvation between the departure of packet+ 1) and that of the vector P¢(,y and the matrix. To sum up, the total
of packet(k;+1) is expressed am. Therefore, we complexny iSO(N2-2) for j > 2.
can expres®’s, (i, k,.,) as Asymptotic Property:

" et — 2k 1N e E e 1k We want to know whether the starvation event yields simple
m( kiﬁszlml)p T, implications as the file siz& approacheso. The asymptotic
if ki >l b+ 21 <kt <N —(j—1—=1)z1; () behavior of the starvation probability is given by

0, otherwise.
. . 1 if p<1;
We denote byPSl_ the matrix of_PSl(khkM) _for ki, ki1 € ]Vh~r>noo P, = {ex (zl(l,gp)) otherwise. (8)
[1, N]. Here,Pg, is an upper triangle matrix where all the 2pq

elements in the firs{iz; — 1) rows, and the last, rows are The detailed analysis can be found in the Appendix of [22].

0. The probability of havingi(j > 2) starvations is given by X ) o
The asymptotic analysis reveals that the probability of
AL A starvation has nothing to do with the start-up thresholdrwhe
P.(j) = . P, P AR L
G) g::lg::l Z Z k) " E SRk p < 1. Under this situation, it is necessary to know how
i frequent the starvation event happens. Here, we compute the
Ps, 1ty 1ok - Prtyny=1) = Pe ( I1 Psl)PZj- (6) average time mter\{al b_etween two starvations. Tgtpe the
-1 duration of starvation interval. Its expectatidiiT;] is the

kj_1=1k;=1

Since the starvation event takes non-negative integeesalu€XPected busy period of an M/M/1 queue with customers

we can write the probability generating functic(z) by in the beginning [4], i.e.

. Ty
R _ i1 _ BT = 7. 9)
G(z) = B(') = Y P()2) = Pe([[ Ps,)PL, -2/ (D) A=)
=0 =1 IV. STARVATION ANALYSIS VIA A RECURSIVEAPPROACH

In P,Ps, andPy;,, the binomial distributions can be approx- In this section, we present a recursive approach to compute
imated by the corresponding Normal distributions with ieglthe starvation probability based on [9]. Compared with the o
gible errors (see Appendix in the technical report [22])eThusing Ballot theorem, the recursive approach has less compu
Gaussian approximation significantly reduces the computational complexity, though without an explicit expressio

tional complexity of binomial distributions. The approxted - )

probability of no starvation computed by the complemedt: Probability of Starvation

of eq.(1) has a complexit9 () obviously. The probability = The probability of starvation and the p.g.f can be analyzed
of having only one starvation is a product of two vectorsll in once. However, we compute them separately because the
which also yields a complexit@(N). If there are only two analysis of the starvation probability provides an easeite
starvations, we need to compute the product of two vectdsunderstand this approach.



We denote byP;(n) the probability of starvation with a file and
of n packets, given that there ax‘gpackets in the ;ys.tem just , 0 j=0o0rj>2
before the arrival epoch of the first packet of this file. In the Py(j,1) = {1 j=1
original system, our purpose is to obtain the starvatiobaro '
bility of a file with the sizeN whenaz, packets are prefetchedThe equation (15) means that the probability of no starwatio
before the service begins. This correspondsPon) with 1S 1 conditioned byi > 1 andn = 1. Thus, the probability
n= N —z; andi = z; — 1. Here, the expression= z; — 1 of having one or more starvations is 0 obviously if the only
means that the service starts when the packeseess; —1 Packet sees a nonempty system. The equation (16) refletts tha
packets accumulated in the buff@o computeP;(n), we will the starvation happens for sure when the only packet obser\_/e
introduce recursive equations. We define a quanfityk), an empty queue. However, there can only have one starvation
i=0,1,---,n, 0 < k < 4, which is the probability that: event due tan = 1. Another practical constraint is
packets out of leave the system during an inter-arrival period. N I
This probability is equivalent to the probability &f Poisson P(gn) =0, ifitnzN (7
arrivals with ratey during an exponentially distributed periodbecause of the finite file siza'.

(16)

with parameter /). According to [8], we obtain To computeP;(j,n), we need to know what will happen if
1 o his the buffer is empty, i.ei = 0. One intuitive observation is
Qik) = p(——)"" =pd*, 0<k<i-1, (10)
1+p Py(0,n)=0, V1<n<N-¥ (18)
. 1 i 3 .
Qi(1) = (m) =q. (11) because an empty queue means at least one starvation event.

For a more general probabiliti%y(j,n), we begin with the
To carry out the recursive calculation, we start from theecagase;j = 1. If only one starvation event exists, there has
n = 1.
Py(1,n)=1, V1<n<b, (19)
Pi(1)=0, Vi>1. (12)
o whereb := z; — 1 is denoted to be the prefetching threshold.
When the file size is 1 and the only packet observes a nafiy, > b, b packets will be prefetched. Thus, the remaining file
empty queue, the probability of starvation is O obviouslyi | size isn — b. We seeb packets in the system upon the arrival
is 0, the starvation happens for sure, thus yielding of the first packet in the remaining file. Given that the only
Py(n) =1, ¥n (13) one starvation event has taken place, there will be no future
R ' starvations. Therefore, the following equality holds,
Forn > 2, we have the following recursive equations: Py(1,n) = Py(0,n—b), ¥b<n<N~—b (20)
i+1
P;(n) = ZQH—l(k)PH—l—k(n —~1), 0<i<N-—1. (14) Using the similar method, we can soI\lQ(.j’ n) _for j>1
=0 However, the property aPy (4, n) with j > 1 is quite different

We explain (14) as the following. When the first packet of Py(j,n) =0, Vj>1landl<n <hb. (21)
the file arrives and seéspackets in the system, the starvation

does not happen. However, the starvation might happen in {HiS means that the probability of having1 starvations is 0

service of remaining: — 1 packets. Upon the arrival of thelf the file size is no larger thab. If » is greater tham, thenb
next packetk packets out ofi + 1 leave the system with packets are prefetched, leaving- b packets in the remaining

probability Q.1 (k). We next add constraints to the recursivé!e- The remaining: —b packets encountgr—1 starvations,
equation (14) for a file of siz&v. Since the total number of 9iven that the first packet seéspackets in the system upon

packets is N, the starvation probability must satigfyn) = 0 arrval, i.e.
fori+n > N. Py(j,n)=Py(j—1,n—>), Vji>1landn>b. (22)
B. P.G.F. of Starvations So far, we have computed a critical quanti®(j, ), the

To compute the p.g.f. of starvation, we use the sanfgobability of meeting an empty buffer. Next, we construct
recursive approach, despite of the more complicated sireict recursive equations to compug(j, n) as the following:

With certain reuse of notation, we denote BY(j,n) the i1

probability of j starvation of a file with sizen, given that Pi(j,n) = ZQi-ﬁ-l(k)PH—l—k(jan - 1),

the first packet of the file se@spackets in the system upon =0

its arrival. Our final purpose is to compute the probabilify o i

starvation for a file of sizeV. It can be obtained fron®; (j, n) = qukpiﬂ_k(j, n—1)4+¢ " Py(j —1,n—1),23)
with i =2z — 1 andn =N — z;. k=0

~ In order to computer;(j,n) recursively, we provide the or ) < ; < N 1. The eq.(23) contains two parts. The former
initial conditions first: expression reflects the cases that the next arrival seesran
0 Vi=1,2,---,N—1, andj > 1; emptygqueue. The latter one characterizes the transition of the

Pi(3:1) = {1 Vi=1,2,--- ,N—1, andj =0, (15) system to a prefetching process.



We are interested in how efficient the recursive method igrobability of starvationP{", is obtained by
Hence, we present the roadmap to comphbt&j, n) and its 021 1
complexity: PY) = Prob(N > N,) = exp(—ﬂ —) (25)

- Step 1: Solv!ng P(0,2), fo”. LoV =2 i) Pareto distribution:It is frequently adopted to model the
» Step 2:Solving P;(0,n), fori=1to N—-2,andn=3 . "7 . S ) ;
file size distribution of Internet traffic using TCP protocol
to N —x; + 1 based orStep 1 - : Lo
Step 3: Adding j by 1 and computing?(j, n) based on Let N,, be the minimum possible value of the file size, and
* Ps. 97 by puting? (j, n v be the exponent in the Pareto distribution. The probability

Step land Step 2 o
of starvation is computed by
The complexity analysis is carried out from this roadmap. In

step 1, the computation of; (0, 2) incurs up toN summations P — Prob(N > N,) — {(M)v VN, < %; (26)
= e

HT1
for eachi, resulting in at mosfV2 sums in total. TheéStep 2~ ° 1 otherwise,

computeP; (0, n) repeatedly for each and theStep 3repeats . L
P (0,m) rep y P P where the expectation of the Pareto distribution is equéidb

Step 1&2 f hj. Therefore, the total lexity h . o .
orggrO((j irS;Cg)j erefore, the fotal compiexity Nas 8ot the exponential distribution, i.e¥= = 1.

Remark 1: The complexity orders of the Ballot approac iil) Log-Normal d|str|_bu'F|on:We suppose that the file size
_ . L . ollows a log-normal distributiorin \'(o, o), wherep and o
with Gaussian approximation and the recursive approach are )

259 . . 3 ) aré the mean and the standard deviation of a natural normal
O(N2%-2) for j > 2 andO((j + 1)N?) respectively. When .~ - = . :
. . . distribution. Given thatV, packets can be served without an
j > 3, the recursive approach may have less computational ) h ) babili®® | db
complexity than the Ballot approach. interruption, the starvation probabilit}s™ is computed by
Tip

3) 11 Jog 25 —o
V. FLUID MODEL ANALYSIS OF STARVATION Py =Prob(N > N,) = 3~ §eff[T}a (27)
PROBABILITY

, ) ) __where its expectationxp(o + %) equals toi.
_ So fqr we have studied the.starvatlon behawor of a S'ngleEquations (25),(26) and (227) show thate the probability of
file, which is concerned by either the media servers or tI%'?arvation can be controled by setting, if the distribution of

USErs. I_n fact, the media servers are more interested indle Qo size, the arrival and departure rates are pre-knowfedge
evaluation scaled to a large quantity of files they suppheyrh

cannot afford the effort of configuring each file a different  VI. APPLICATION TO STREAMING-LIKE SERVICE

start-up delay. In this section, we present a fluid analybis 0 This section presents three scenarios in streaming-like se
starvation probability, given the distribution of file size vice in which our analyses can be utilized to optimize the
In the fluid model, the arrival and departure rates awality of experience. Here, we focus on the M/M/1 system.
deterministic. We let\ be the number of packet arrivai®r  The cost of a user reflects the tradeoff between the start-
second andy be the number of departurper secondHere, up delay and the starvation behaviors (either the stamvatio
w depends on the encoding rate that the media files use. Wy@bability or the continuous playback interval). We first |
focus on the setting > A because no starvation will happenhe starvation probability be one of the QoE metrics. &}
with 11 < X\in the fluid model. Letr; be the start-up threshold.pe a strictly increasing but convex function of the expected

The start-up delay’ is simply computed byr; /A. Once the start-up delayF[T,]. We denote by, (z;) the cost of a user
media packets are played, the queue length decreases et aWatching the media stream,

1 — A. The time needed to empty the queue is t@é_@s/(.

Let N, be the total number of packets that are served until a Ci(21) = Ps +79(E(Th)), (28)
starvation happens, where~ is a positive constant. A large represents that the
A T users are more sensitive to the start-up delay, and a smaller
Np =z (1 + m) = Y (24) means a higher sensitivity to the starvation. Our purpose is

find the optimal start-up thresholdf to minimize Cy (z1).

If the size of a file is less that,, there will be no starvation  The choice ofC, (z;) should satisfy three basic principles.
event. First, it is convex inz; so that only one optimal threshold
The distribution of media file size depends on the types exists. Second(; (z1) is bounded even ip is close to 1.
of contents. A measurement study in [19] reveals that ti@herwise, the configuration af; is extremely sensitive tp.

music, entertainment, comedy and sports videos have @iffer Third, thoughz? is not required to be a decreasing function
distributions of file size. In this section, we compare thef the arrival rate), it cannot grow unbounded wheh is
starvation probability of several commonly used distritbg, large enough. In what follows, we simply lg{ E(T})) =
given the start-up threshold. Note that these distribstions(1,))? = (%)2
possess the same mean file size. We further assume that the
users are homogeneous so thatand i are the same for !Because the starvation probabilitigs"), P> and P{*) take complicated
different types of file size distributions. forms, we will compare their dependency an numerically in section

N E ial distribution:S h he fil 78 VII. Both Pareto and Log-normal distributions have two paeters. In the

i) Exponentia 'St'_" utl_on._ uppose _t at the file siz comparison, we fix one of them, and solve the other accordiribet property
follows an exponential distribution with paramet@r The of identical expectations.



We apply our models to optimize QoE in three scenariosatisfaction. We denote bg's(z;) the cost function for an
i) finite media streaming, ii) everlasting media streaming a infinite media size withp <1,
iii) file level. The scenarios i) and ii) are designed for aghin dz1 T1.2
stream, while iii) is designed for a large number of streams. A1 — p)) +V(7) '

When the streaming file has a fiqite size, th? CongeStex_ﬁhereé is a user defined weighting factor to the expected
bottlenecks such as the 3G base station or the wifi access pglayback duration. We differentiat€, () over z;, and let
can configure or suggest a start-up threshold before theamettie derivative be 0, then the optimal start-up threshold is

stream is played. If the steaming file is large enough (e.g. 52
realtime sport channel), a user can measure the arrivaltser a1 = LambertW (
processes, and then configure the rebuffering delay locally
In the third scenario, the media server can set up one stzgt-

up threshold for all the streams that it distributes. To dvoi Unlike the above QOE optimizations, the threshold for
malfunctions in realistic scenarios, a user can configureto many files is configured by the media,server, instead of the

and upper bounds for the start-up delay. Once the upper boyRg@rs. The objective is still to balance the tradeoff betwee
is reached, the media player starts to play regardless of the start-up delay and the starvation probability. Herdy on

Ca(x1) := exp(—

A1 -p)
ZTEEE A

Optimal QoE in the File Level

prefetching threshold. the exponentially distributed file size is considered. Weose
the cost functiorC; (1) that yieldsC: (z1) = exp(—224) +
A. Finite Media Size 7(””—;)2. The optimal threshold} can be easily found as
We hereby consider the adaptive buffering technique for a O\ 1. p—»
stream with finite size. The eq.(1) and eq.(28) yield xy = LambertW((m)Q : Z) g (31)
N-1
Z1 2k — 21\ 4o i Tl VII. NUMERICAL EXAMPLES
C = —_— L =p)¥ + ()" i
(@) Z 2k —x1 (k - T >p (1=p)"+1( A ) A. Starvation of M/M/1 Queue

k:ml

The starvation probability decreases and the start-upydela This _set of experlme_nts compare the pr_obablllty of starva-
: : L fons with the event driven simulations using MATLAB. We
increases strictly ag; grows. In the QoE optimization of

- S, : . .~ simulate up to 5000 samples of the M/M/1 queue with arrivals
finite media size, there does not exist a simple expression 0 ' . : . .

: 8 , . . from files of different sizes. We deliberately consider four
the optimal thresholdci. To find =7 numerically, we need

to compare the costs using the binary search method. T%oemblnatlons of parameterp: = 0.95 or 1.1, andz; = 20

. ; . . LT or 40 pkts. The departure rate is normalized as 1 if not
complexity order is low if the binomial distribution in ed)( mentioned explicitly. The choice of the start-up threskold
is replaced by the Gaussian distribution. If a user can atger :

. . .. coincides with the playout of audio or video streaming ss¥si
up to 1 starvations,P; .WI|| be replaced by the probability in roughly a couplré 3; seconds (e.g. Okbps plgyback
(P+(0) + P4(1)) according to eq.(4). rate on average given the packet size of 1460 bytes in TCP).
B. Infinite Media Size The file size in the gxperimer_ns ranges between_ _40 and 1000 in
. . ) L terms of packets. Figure 2 displays the probability of Orid a
We revisit the user perceived streaming quality in tWg giaryations with parametess= 0.95 andz; = 20. When the

scenarios: 1p > 1 and 2)p < 1. file size grows, the probability of no starvation decrea¥és
Case L:p > 1. The starvation probability converges to a fixed erve gthat tt'1e rgbabilitieg of 1 and 2 starvations irsgea
value when the file size approaches infinity. We adopt the sal P

QoE metric as that of the finite media size. Note tRatan be first, and then decline after reaching the maximum values. Th
directly replaced by its asymptotic value in eq.(8). Subingt reason lies in that the traffic intensityis less than 1. Figure

Ps to C1(x1), we have the following cost function 2 also shows that our analytical results match the simulatio
_ well. Figure 3 exhibits the similar results when the start-u
_ z1(1 — 2p) T1y2 . . .
Ci(z1) —eXP(T) +’Y(7) . threshold is 40 pkts. The comparison between figure 2 and
3 manifests that a larger; is very effective in reducing
Letting the derivativelt be 0, we obtain starvation probability.

Figure 4 plots the probability of no starvation with the
traffic intensity p = 1.1. The probability of no starvation is

prexp (22 =1y _ G = DAY

2pq 4P improved by more than 10% (e.fy. > 300) whenz; increases
The optimal threshold:; is solved by from 20 to 40. Figure 4 also validates the asymptotic proba-
=)Ao, 1 %q bility of no starvation obtained from Gaussian and Riemann
2 :LambertW((zi) o) e (29) integral approximations etc. Figure 5 plots the probapilit
Pq 2y7 2p—1 . .
_ _ of one starvation with the same parameters. Recall that the
where LambertW () is the Lambert W-function. probability of one starvation decreases to ONasncreases in

Case 2:p < 1. Whenp < 1, P, is 1 for an infinite media size. the case, = 0.95. While figure 5 exhibits a different trend
If we adopt the QoE metri€; directly, the optimal start-up . ; A . o

delay is always 0. This requires a new QoE metric for tHdong with _the increase of f|Ie_ size. This prc_)bab|I|ty beceme
casep < 1. Since the starvation happens many times, tff@turated, instead of decreasing to 0. Wheis greater than
continuous playback interval can serve as a measure of usérsthe probability of having a particular number of starvas



approaches a constant. In both figure 4 and 5, simulatimvel analysis. The packet level study is carried out via two
results validate the correctness of our analysis. Hencthein approaches, the Ballot theorem and the recursive equations
following experiments, we only illustrate the analyticasults. Both of them have pros and cons; the former providing an
explicit expression, but with high complexity order in gesde
while the latter is more computationally efficient, but vath
This set of numerical experiments show the relationshigh explicit result. In order to analyze the behavior from a
between the starvation probablllty and the distributiorfilef media service provider’s point of VieW, we perform a fluiddev
size. The traffic intensity is set to 0.95. Le¥ be 1/2000 ganalysis that computes the probability of starvation among
in the eXponentiaI distribution. Then, the average file swze many files. We further app]y the theoretical results to pmfo
2000 pktS For the Pareto distribution, we set the minimumoE Optimization for media streaming services. Our work
file size to be 300 pkts so that the exponeris 1.1765. The can be extended to study the QoE metrics in a more general
parameterg ando of the Log-normal distribution are set topetwork with multiple bottlenecks between the server ared th
5.0 and 2.2807. We plot the CDF curves of the file size anger. In this situation, the arrival process can be modedeal a
the starvation probabilities in figure 6. The left-side sgbfe phase-type renewal process.
illustrates the distribution of file size with the parameter In terms of future WorkS, we aim at extending the ana'ytica|
Configured above. The Pareto and the LOg-normal diStribBtiOmethods to perform QoE Optimization in adaptive Streaming
exhibit heave-tail property. In the right-side subfigure plot = services. Another important extension is the starvaticysis
the starvation probability of different file distributionshen jn 3 wireless environment where the wireless link is shased b
z1 increases from 10 to 150. The starvation probability Gfyltiple connections. In such a case, the arrival rate toea us
the Pareto distribution is very high with smath. This is s time varying due to the arrivals and departures of othiis.ca
because the files have a minimum size (i, < N.). Acknowledgements: The work of the authors from INRIA

The log-normal distribution demonstrates a small staovati and from Univ of Avignon was supported by a contract with
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APPENDIX

A. Complexity Analysis of6)

We focus on the cases with more than two starvatigns (
2). Recall thatPs, satisfies i) an upper triangle matrix, i)
first [z; — 1 rows being 0, iii) lastz; rows being 0 and iv)
Ps, (ki kiv1) = Ps, (ki +1, k41 +1) if they are not zero. For
ease of understanding, we only give an example with= 8 -
and j = 3. The method can be extended to aiWyand j.

Given the above parameters, there have

Ps, =

OO ODODOCOO

OO ODOOCOO

0 0 O
0 a1 a2
0 0 al
0 0 O
0 0 O
0 0 O
0 0 O
0 0 O

cococof § 8o

0
a4

cocof 88

wherea;, b; are the variable
simple way.
In order to obtain the probability of having 3 starvations,

Ps,
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Fig. 4. Probability of no starvation witp =
1.1: 1 =20 andz; = 40
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Optimal start-up threshold (pkts)

Fig. 7.
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we need to computPs, x Pg, first, Ps, x Ps, =

0

(==l e s e N N an)

OO oOoOoOO O O

DO OO O

0

(== el s e N N an)

0

[N NN Nl

a

0
b1

=

(>N e Nl en e Nen)

0
a1b2+azb1
a161
0
0
0
0
0

0
S akbi—k
a1b2+azb;
a1by
0
0
0
0

to denote the probabilities in a

Here, it is observed that the third row is obtained if we shift
the second row to the right by 1 digit. Thus, we only need
to multiply the second row oPs, with the matrixPgs,. The
product is also an upper triangle matrix, where the elements
exhibit the same structure as thoseB®§,. The complexity
order is thus upper bounded l6y(V?). Given that there are
j(> 2) starvations, the complexity order of matrix product
is O(N2U=2)), Combined with the products @, the total
complexity has the orde®(N?2-2).




